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Google research blog, 8/March/2016.
“Deep Learning for Robots: Learning from Large-Scale Interaction.”

[Silver et al. (Google Deep Mind): Mastering the game of Go with deep
neural networks and tree search,
Nature, 529, 484—489, 2016]



B 8 FiE DR



BHRFEDEZT

« T— XN LEBOELE DR - EFR % H
c F9 [ 7—%] ZHE

o |[T—%] I3FUE T%iﬁéﬂfh\%z\%%U
> ‘BRI 7 L TR
> “Bi" i1 TKRE

PRIEIRE X < > 3 g Yb FOEBETERBENT —X



B> B DR

FREC & HAEATRE

4 R N

B - ElEE L
BIRE Ry

F0ETFIL DGR
ETFTILD
y = f(x;6) RS A= %

—ERFEANT FILIZELTL A ;t% EAFHEET DIFE,
— AN FE (BRFE) = BHETE 5,




[E5IL]| &I

o [BE% X117
ASxITH LT Ay=F(x) % H$ X569 (% % 585k

J
y = f(x) b
y:2x+05 O% 1 .

Bl : 1g B ORI D 1IFIE R NITHEE By 2B R 5.

wanrmaes: Y = 012 + Do

e ZOLHIIEHEOBRRAHATERLI-LDE [ETIV] EE5
. ﬂi’fﬂ@%*ﬁzﬁo 1% [ISTA=R| LR,

T— R DFEEH : SDNRTA—2B0, 12T — 2D 0HEE ("FF")




ZDDETIV

y = Bo + exp(Siz)

Yy = Bo + Pr1x1 + Paxo

y = Bo + 1 cos(2mx) + [o cos(dmx) + [3 cos(8mx)

M
y = 0o+ Zﬁz‘ exp(—(z — 11:)%)
i—1



ENH V) F8




ENH Y F &

y =2

FE: IR 27 -XICHTEDD
ETIL BEOEES (B RENNOFRE ZEHOES



WHETIL

y = P1x1+ Baxy + o+ Bpx, + Byt €
VIEBER, xR ML

vy a =6, x KEE + B, x BEK + B;+(3ES X)

P
N

n

B/INZFE . /-2115112 5, z;( — Brxin — Bowia — B3z — Po)’




B ERE (V7)) - (v, x) ERXRY (i=1,...,n)

prEBEORRGRE (ChEEELEZWL) &T 5L, i H

BeERIH =1
— argmin||Y — X3|?
BeRd+1

= (X' X)Xy



v a g T —2 D9

O

T

e (y) « fiit

REEMK) L 1 BERY S OEE (B5)

HE BRI

B S

B E

S

e

B2 U BRICBITALEX 5 h (0-1ZFTKIRF)

~N oo s wn e B

ROBAE Im Z (& > T,



AR5 TEIEL (Im)

RN HEDEFE I IREEZSAER & L Tligz T8

(YN

y=p1x+pyt+E€
s R

TR Bo

DITHER
ﬂ bo b1

- V

PRETR i o )
HESINRE BERE tHEAE  tREDp-E

P& : ZOZHEATHICTEESE L TWLWAESL,
[+ ARG R T | BEI0.05 UL FASEE L TW5S & HE




R HHEIR

o« 1% % FRIT 2 DICERD H D EH % FEIR

AICIC & 2 FFE0ER

BEH 5 DR ()
HLERTEIHA
BYORE
AR
e

Sl
REYURICBITNILEZE 5 H

=ZERA S OIREE + PRAE + /EK
D=ZHETTILHNEBINT,

Noo AW

XAIC: FABEOR E 2l 5181

IR . NN DEEE AND DL LA/ A XIC
B TCTFARBENEDL 5.

a1 BATHDPATHHRBARRE L TEI NETEGL
— [B%E]



51

A=) RN LD? ZINLTIHWLWH? BEBERE, EAN?EA TR LW 7



RIS 53 XA

Bag-of-words

-
W T =wWiT] + Wk + -+ + Wely

NEDNRY hILKIRG

.
2 bt =g X w' x>0
x NI




[Vapnik,63] |
v — v EER b 2
VC (Vapnik-Chervonenkis) ¥Eim I K 5 1IF 41t - |

X Vi=1,...




VY7 b=—SVM

[Cortes+Vapnik,95] n |w])?
. min maxq1 — Z-wTa:i—H),O +C
Y=Y ERKL wb;:{ g ho 2

RO DEFY

V7 hv—Tv




R 2 > o IEFRAZ A

X x
X X g
X x
%
TR JERRIE

H o EBHLIL—ILTH] R Z L 7=



RIENR

« BRIRAIBEIE D S

%Eﬁ%m&A%ﬁtTM7 AT A4

v g
— R IAZTZROART 43 CHEE
(+u75uf: ¥ < ERIC R ATEE)

BEEDOBRE
N
5 8
25 A 7 FUN50075 L E?
25 25K 500k 50075 K

AlhE J BhE BlR=
90% 20% 30%

s FEINTCREADOZRAZEEL LT L,
o DITIERDNONRZILTLDICHEHR.

15%



RIERDERF
2RTTDERAZE

X |ZHastie, Tibshirani, Friedman: The

Elements of Statistical Learning, Springer, Python scikit-learniZ & 2iris(7 ¥ X) 7 — &2 48
2001.& Y



BAR7—RT74 7
e XGBoost¥°LightGBMAYE £
e [REARDH] THALYR]%EIR

> RER—DTIIEMLHRAHL LW BHARS L T OM(ZHR) 25
> MO FICART —RT 4 7 EENSEEZEH

(A Ea—&F—LAtFEA? | %37 RILDRERDZEIR & 7]

[Chen, Guestrin: XGBoost: A Scalable Tree Boosting System. KDD2016. ]

[Ke, Meng, Finley, Wang, Chen, Ma, Ye, Liu: LightGBM: A Highly Efficient Gradient Boosting
Decision Tree. NIPS2017. |
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Bag of Words

-— Bag of words
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Latend Dirichlet Allocation (LDA)
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David Blei: KDD 2011 tutorial.
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Word2vec [Mikolov et al., 2013]
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“King” = *Man” + “Woman” = “Queen”
“Tokyo” — “Japan” + “China” = “Beijing”
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skip-gram & Continuous Bag-of-Words

(CBOW)

INPUT PROJECTION OUTPUT
w(t-2)
w(t-1)

— SUM
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from gensim.models import word2vec
train_file = "./mldata/text8"

data = word2vec.Text8Corpus(train_file)
model = word2vec.Word2Vec(size=100, window=5, min_count=5, workers=7)

model.build vocab(data)
model.train(data)

X100, BIELEEZEOHIREEAZET /UL, S5MUTOHIRESE LHES

“Queen” + “Man” - “Woman” = “King” ?

>>> model.most_similar(positive=['queen','man'],negative=['woman'])

[("king', 0.6050819158554077), (‘scotland', 0.587989091873169), ('prince’, 0.573
6681222915649), (‘elizabeth', 0.571208119392395), (‘lord', 0.5638244152069092),
('duchess', 0.5520190000534058), ('duke', 0.5498123168945312), (‘crown', 0.54618
62087249756), (‘sir', 0.5441839694976807), ('lorraine', 0.5441141128540039)]
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France
Madrid CEITEL
Tokyo Moscow
Paris
Berlin

word2vecD E @k :
T—XD [B] ZERTRY MLELTERIETXSZ &
EEERICRL T,
- EEFBICLOBENBEZEZA.



Word2vec®D It FH

s B X U D oEE L IcEm e B

HbH1I—Y—-DERER

11T B

Féﬁﬁ:' HE R M

e 0 IDEL

XEERT PIVLT B Fi% © skip-thought, text2vec

. : %75\@%8 CN N
o FI|F

700N

[Kiros, Zhu, Salakhutdinov, Zemel, Torralba, Urtasun, and Fidler: Skip-Thought Vectors. arXiv preprint arXiv:1506.06726 (2015).]
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[Takeuchi, Kawahara, lwata: Structurally Regularized Non-negative Tensor
Factorization for Spatio-temporal Pattern Discoveries. ECML-PKDD2017.]
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[van der Maaten, Hinton:
Visualizing Data using t-SNE. JMLR2008.]
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[Takahashi, Tomioka, Yamanishi:
Discovering Emerging Topics in Social
Streams via Link-Anomaly Detection.
IEEE-TKDE2014]
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ImageNet

ImageNet: 1,000 73V, W1205DIFRERT — X

[J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, and L. Fei-Fei.
ImageNet: A Large-Scale Hierarchical Image Database. In CVPR09, 2009.]
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Alex-net [Krizhevsky, Sutskever + Hinton, 2012]

BHAHZ 21 —F )2y b DEEAEN (+pooling+3BDEHES

B

P_g E” \33\ A A

1 h 192 192
224\}{Stride Max 128 ?WBX\\Q
Yof 4 pooling poolin ~
3 48 ~_

\ )

AX=DNRNYyFDEIBHDNFEINTUNSD
> BEHE0HEFE

FEE CIE L BRI RIBERY I —FEND

=)

g \dense

1000

Layer 5

ANDEA

D ER



WX NAXT N
XK »«H}M{
200 200\ 200

Nl
N
p%
N
(>
'//Aq

Nl
¢S
X<

P

x W, hy W, h, W3 h3
BEAMIC REZER] & [3EREEMSECEE] Dfgl) R L.

X W1X—> hl (Wlx) 7 W2 hl (Wlx) 7 h2 (WZ hl (Wlx))
AT R IR 2 1R

SEHECEITBEERT L ICH DB, Poolingd &
hl (u) = [hll(ul): h12(u2); e hld(ud)]T 5 6:%;’%2&1’87& WIESS Tt 5 B 001ne

« vRelLU (Rectified Linear Unit) :  h(u) = max{u,0}
s U EA NBEH : h(u) =

rrrrrrrrrr



HDEFNDRR

EE EESFICEITE EEFE
7 AN 7o 5 X

250

o |

200

150

100

Number of papers

50

[(ZFILEH, YTXBEYT  [EEI<] ARy bR, 0o - [] - m I - =
“'ql'tl\r/ln?]d|a:http://WWW.|tmed|a.Co.Jp/news/artlcles/1711/30/neW3089 2012 2013 2014 2015 2016 2017

mAl mCNN [ RBM RNN mAE mOther W Multiple

EFLFEFAE, 7 FOYETFE [Litjens, et al. (2017)]

- NEBZ HIEE
(FROC73.3% -> 87.3%)

[Detecting Cancer Metastases on
Gigapixel Pathology Images: Liu et
al., arXiv:1703.02442, 2017]

[Niepert, Ahmed&Kutzkov: Learning Convolutional Neural Networks
for Graphs, 2016]

[Gilmer et al.: Neural Message Passing for Quantum Chemistry, 2017]
[Faber et al.:Machine learning prediction errors better than DFT
accuracy, 2017.]
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ResNetDZF&

e Stochastic Depth
[Huang,Sun,Liu,Sedra,Weinberger: Deep Networks with Stochastic Depth, 2016]
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[ Dense N et [Huang, Liu, Weinberger, van der Maaten: Densely Connected Convolutional Networks, 2016]
(CVPR2017 best paper award) ROWRF v 72HWTCELREEZRAWS

e Dual Path Networks

[Chen, Li, Xiao, Jin, Yan, Feng: Dual Path Networks, 2017]
Dual Path

—

ResNet& DenseNetd B WEB =2 A EH .

DenseNetDiEF ILSVRC2017®Object localizationgBFf9 T 1 1iL.




Residual Attention Network

ILSVRC2017®Object detectionZBFT 1 {1
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[Wang F, Jiang M, Qian C, et al. Residual Attention Network for Image Classification. arXiv:1704.06904, 2017]
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Faster R-CNN (2015)

______[mAP(R)

(e i) + T hY ResNet 18.4
FoCRAN VGG 415 (4t:36)
MAREREE & V) BEL Uy COCO 2015 dataset

I-Tr%'legnb n_&: |—7Ld~ 75 J 0)07%

Ren, He, Girshick, & Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.
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[He, Gkioxari, Dollar, Girshick, ICCV2017]
Mask R-CNN https://arxiv.org/abs/1703.06870
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Badrinarayanan, Kendall, Cipolla: SegNet: A Deep Convolutional Encoder-
Decoder Architecture for Image Segmentation. 201b5.
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Isola, Zhu, Zhou, and Efros :Image-to-Image Translation with Conditional Adversarial Networks. 2016
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(c) Masks (d) Book (e) Standing girl

| Simo-Serra et al., SIGGRAPH2016]
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[Detecting Cancer Metastases on Gigapixel Pathology Images: Liu et al.,
arXiv:1703.02442, 2017]



[Gene Kogan: Experiments with style transfer, 2015]

[Gatys, Ecker, Bethge : Image Style Transfer Using
Convolutional Neural Networks, CVPR2016]

TR

http://genekogan.com/works/style-transfer/

[Luan, Paris, Shechtman, Bala: Deep Photo Style
Transfer, 2017] https://arxiv.org/abs/1703.07511
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[Tian: zi2zi, Master Chinese

Calligraphy with Conditional
Adversarial Networks,2017]

- [Zhu et al.: Unpaired Image-to-Image
| Translation using Cycle-Consistent
Adversarial Networks. 2017]
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« GAN (Generative Adversarial Network) [Goodfellow+et al., 2014]
2 DD ESR

[ Generator: x=G(z) }

Discriminator: D(x) = P(x D &%)

G:BROZz (BLE) holERex £/, DEERZ O LT 5.
D: Bz R B HER). GRS NhAaWnWESICT 3,

=580 P
H};iﬂ max Byp,,, log D(z)] + E.~p, [log(1 — D(G(z)))]
R E A B DB %
A & MBI 2 R R

2016-2017(H 7 Y ;9T
GANDOZFEE & : https://sithub.com/hindupuravinash/the-gan-zoo
KGANDMIZ 1 VAE (Variational Auto-Encoder) EMEEN A AEDL L <HWLWSNTWAS,



https://github.com/hindupuravinash/the-gan-zoo

More applications

Crypko, 2018

[Glow: Generative Flow with Invertible 1x1
Convolutions. Kingma and Dhariwal, 2018]
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[Chan, Ginosar, Zhou and Efros: Everybody Dance Now.
https://arxiv.org/abs/1808.07371, 2018]
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[Yonekura, Hattori, and Suzuki: Short-term local weather forecast using dense weather station by deep neural network.
IEEE BigData 2018]
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30 AMAZING APPLICATIONS OF DEEP LEARNING

http://www.yaronhadad.com/deep-learning-most-
amazing-applications/
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