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TA—T 25— DITZEWE
F =

s I NFTOEMFEDFE: ANOREGE
¢ RIMVRRETHHEGFHME) Z25FESRELRHD
o TAZELIZHBHEDNTIA—2EF1—=U T TEHLEN
SEHHEMBEOF1—=V T RETREIXIKRELELDS
« RRRVGFHEHH FiR
« [B{&: SIFT, HoG, Textons, Spin image, RIFT, GLOH, ...

« &S Spectrogram, MFCC, Flux, ZCR, Rolloff, ...
« T XI: TF/IDE, N-gram, POS Tagging, Syntactic/Semantic parsing, ...

o ¥R ARV REFHMEBHDORIFEE
« M AN (RGB, Sound wave, Character sequence, etc.)
o FARVEFLI=DOIZHEGHHERBLEIGES
« HHHMEBEERNDF1I—=2F N1 —FILRVrDFa1—=2T E—{K{t
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o X (d: M.D. Zeiler, R. Fergus, “Visualizing and
Understanding Convolutional Networks” ECCV 2014
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REREBHESERT —2 Vb

ImageNet

e 1400 DINILDET—A

* ImageNet Large-scale Visual Recognition Challenge

* ImageNetD—ERDT—4 (1000775 X 1205 #%)
* http://www.image-net.org/challenges/LSVRC/

Horse




KERESELERT 4

ROBEXLUTO®RIELYSI A
http://arxiv.org/pdf/1412.5567v2.pdf
http://static.googleusercontent.com/media/research.google.com/ja//pubs/archive/38130.pdf

7—5tyh

WSJ ardr L IF

Swithboard <R 300 4000
Fisher <=8 2000 23000
Baidu AT 5000 9600
Google ERREE 5780 N/A

Google Youtube 1400 N/A
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H\)yHnay,
{E1IEQY, etc.

R T —4

amazon echo
N

amazon.com/echo
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1BIZ &K L)j‘(ﬁ*ﬁfcﬁ:l—i)l/*‘yh
D —DFE M AIHEIC

e XX http://on-

demand.gputechconf.com/gtc/2015/presentation/S5818-Keynote-
Andrew-Ng.pd

CPU GPU Cloud HPC

(many CPUs) (many GPUs)

1 million 10 million 1 billion 100 billion

connections connections connections connections
(2007) (2008) (2011) (2015)
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TA4—T5—=27 DFEIFHPCA

[& http://on-demand.gputechconf.com/gtc/2015/presentation/S5280-Ren-Wu.pdf& Y 5| FH

Speedup ( wall time for convergence ) g% e

0.9

0.8 -

0.7 1

0.6
0.5
0.4

Accuracy

0.3

32 GPU: 8.6 hours
1 GPU: 212 hours
Speedup: 24.7x

Time (hours)
Validation set accuracy for different numbers of GPUs

M Boe We 8 (7015



T—3 1 3—Th
TIEHEHEEN

Microsoft Research(Z & BHFPGA/GPUD 7

18 FH(Z[R] T
IZHE SR

MRE-HBEENDLR

F= & Accelerating Deep Convolutional Neural Networks Using Specialized
Hardware http://research.microsoft.com/pubs/240715/CNN%20Whitepaper.pdf

KU5|H
CIFAR-10 [4] ImageNet 1K [1] ImageNet 22K [2] Max

Device
Power

Catapult Server + Stratix V D5 [3] 2318 images/s 134 images/sec 91 images/sec 25W

Catapult Server + Arria 10 GX1150 [8] | - ~233 images/sec ~158 images/sec ~25W

(projected) (projected) (projected)

Best prior CNN on Virtex 7 485T [5] - 46 images/sec? - -

Caffe+cuDNN on Tesla K20 [6] - 376 images/sec 235W

Caffe+cuDNN on Tesla K40 [6] - 500-824 images/sec? 235W

Table 1: Comparison of Image Classification Throughput and Power.

15




TA—T 57— ERAERE M
(ASIC)

* Google Tensor Processing Unit (TPU)

e X%
https://cloudplatform.googleblog.com/2016/05/Google-
supercharges-machine-learning-tasks-with-custom-

chip.html &b
+ THEVE—TERH
* Web Search

e Street View
* AlphaGo
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B Rl ~BITOFRE

e XIFhttp://www.iro.umontreal.ca/~bengioy/talks/KDD2014-tutorial.pdf
&Y5|H

100%a According to Microsoft's
speech group:

Using DL

B ERER SRR
(INSWADELY)

10%

4%

Word error rate on Switchboard

2%

1% |
7 1990 2000 2010

v

15



TA—TS5—=UTIZKBEE

=8k (Baidu)

e (& http://on-demand.gputechconf.com/gtc
Keynote-Andrew-Ng.pdf &Y 5| H

Baidu Deep Speech

Bi-directional Recurrent = ) e [ m £ [ 5%
Neural Network (BDRNN)

el e — - - oot —foi

du Andrew Ng
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BMDTA—T5—=2TF
AT L

« FlLSoan et al., “The IBM 2015 English Conversational
Telephone Speech Recognition System”, 2015& Y 5| A

System AM training data SWB CH
Vesely et al. [§] SWB [2.6 24.1
Seide et al. [9] SWB+Fisher+other [3.1 —

Hannun et al. [10] SWB+Fisher [2.6 [9.3
Zhouetal. [11] SWB [4.2 —

Maas et al. [12] SWB 4.3 26.0
Maas et al. [12] SWB+Fisher [5.0 23.0
Soltau et al. [13] SWB 10.4 [9.17
This system SWB+Fisher+CH 8.0 4.1




B R TlE150B LI Lk

. ImageNet Large Scale Visual Recognition Challenge® 100075 AR $82 XV DT

EL:F 2
#E [Xhttp://image-net.org /challenges/talks/ILSVRC2015 12 17 15 clsloc.pdf &Y

TA—T5—=29

0.3 o 160
28% 152
140

025
2 120
T 02
s2 100 _
c & o
&€ v 0.15 80 =
A = .
M @©
5 60
58 01
2 40
= 005 3.57%

| m

0 0

2010 2011 2012 2013 2014 2015 21



ImageNet Large Scale Visual

Recogmtmn ChallengelZ A THEEL
LVER e

» [X][& Russakovsky et al., ImageNet Large Scale Visual Recognition Challenge. 1JCV,
2015. &Y

PASCAL ILS\ RC

cats

Egyptiancat  Persian cat Siamese cat tabby

dogs

dalmatian  keeshond miniature schnauzer standard schnauzer giant schnauzer



JEMRERE TlX1000B LL E

- & [T He et al. Identity Mappings in Deep
Residual Networks, 2016k Y

* CIFAR- 10/100
« 1002 E M H1000B(ZHEDPT ZETIS—MET

AT

e o
A3 7R 4
/%s

dataset network baseline unitl|| pre-activation unit
ResNet-110(1layer) 9.90 8.91
CIFAR.10 ResNet-110 6.61 6.37
ResNet-164 5.93 5.46
ResNet-1001 7.61 4.92
CIFAR-100 ResNet-164 25.16 24.33
ResNet-1001 27.82 22.71

pre-activation
| Residual Unit




B E aei CHHI50/2

e X [LGhahremaniet al. ”LINEARLY AUGMENTED
DEEP NEURAL NETWORK* 20164V

¢ BLTHETIT—IRTEEDITINTG A2 ZE T
N cal =

Network Size Training Validation

Model Num.of.H Layers Layer.Size Params CE % Frame Err CE % Frame Err % PER
DNN+Sig 2 2048X2048 10.9M 0.66 21.39 1.23 37.67 23.63
LA-DNN+Sig 4 1024X512 59M 0.61 20.5 1.18 35.83 22.39
LA-DNN+Sig 6 1024X512 8.0M 0.60 20.3 1.18 35.7 22.28
LA-DNN+Sig 8 1024X256 5.6M 0.58 19.7 1.19 35.7 22.08
LA-DNN+Sig 12 512X512 72M  0.65 22.08 1.16 35.74 22.08
LA-DNN+ReLLU 3 1024X256 29M 0.61 20.7 1.20 35.77 22.39
LA-DNN+ReLLU 6 1024X256 4.5M 0.54 18.6 1.22 35.5 22.08
LA-DNN+ReLLU 12 512X256 3.8M 0.55 19.2 1.21 35.5 21.8

LA-DNN+ReLLU 24 256X256 ASM_ 0.55 19.31 1.21 35.3 22.06
LA-DNN+ReLLU 48 256X128 3.4M | 0.56 19.5 1.21 354 21.7

Table 1. Results on TIMIT using different models.
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Yoshua Bengio (Montreal X=#)

5
Geoffrey E. - IBM Reasearch/Watson Group& 13

Hinton (Google
~ & Toronto RK=F)

Yann LeCun

(Facebook Al
Research & Andrew Ng

NYU) ‘ - (Baidu / JT

Stanford X=¢)



BAREEBLEIZHEITS
TA—T5—=25 DK

- TR

RFE IS =T EARSHNENTIHEIA TS
Christopher D. Manning. 2015. Last Words. Computational
Linguistics & 0 5| H

Yann LeCun: TA—T5—Z2T DRDEA—TIMNIBAREZEHTHS,
BEEFITTHUNT TS0 F BRI HEEBIEY,

Geoff Hinton: T4 —7 ==V J TRDSFTRLIFI Y AT 12 71558
BIITFANEETA DB, 5EF & ICYoutubeE T4 Z R TERBAT H1E
AN TE TGN =L LR ET,

Yoshua Bengio: #EMEIER AT LG EEBLEICM T2 T4—T7—4
VI HREREL TS

Michael Jordan: {L,L10fEBR L& oT-LAZLET N, EFROoNT-HH
AREBNEBITHFIELINASARIED T O S LEES LB ADTEAD
Za—JIIr YT =AW -FENZIERSINTILD

SEBRRHCEFRBEERBRINZIROH TNDHEEF AL
¢ BLDIRITHAETHREASE (BT LELREE




B AS iBALIE (Natural Language

Processing; NLP) D %48 - E{R 5258 -

BRI ED B
. ﬁﬁﬁ&]\b

E-Gig)ZHinEv?ﬁ'J (T&H1ETN D IEEE I TERINALY vs BEED

o BAIRICIXBRGREREANIMLELTANZRI

. %@&;&ét%%ﬂﬂébﬁﬁﬁﬁ%@*ﬁﬁ%“lﬁ@ﬂ‘]’C*‘J:I:Eﬁﬂ‘]*%lﬂi
__* Eg. “New” A “York” > “New York”

o R HHAEHEHFHEIIIERMIZIEXR

C BTEE AL

« TXRANMIFAIER .

o iRrAl: TZILOYXLTHEI=OIZIE ANTHFREE
o3 T i%h)b'cfi%iﬁﬁ'éf ERB5 7

%éﬁ‘} f&é&&d)mﬁﬁfli HAOETEFANABEHR

* n% TH2: TTEHE?ﬁljéﬂjﬁj—éM\glli




*“J"U_O*ﬁiﬁlzg <E =
WMBIZHITBDTA—T5—=> 7‘5@
FA®D 455

¢« J4—kIJ+T7—F=Za—F )L~y kT —% (Feed-forward
Neural Networks)

« JALU =2 —FI)LAR YT —% (Recurrent Neural
Networks; RNNs)

¢« BEHIAAZ1—T)LAR YT —% (Convolutional Neural
Networks; CNNs)

« BIg=a21—3J)Lxyk"J—% (Recursive Neural Networks)
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U — 7 (Feed-forward Neural Networks)

¢ J4—RIA—T—FRZa—F LAY LT—o Dl
 x: AAXNTRIL
e v: FH|
s LEBAVTYIR
. h BENEHAAINIL
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J4—KIJOA)—KkZ=Za—F )L ybkJ—
2D Its A1

—_ = —_ \ /
+ EEEETIL [Bengioetal., 2003] ~Plword, | word,..word )
« ROBFEEZTFTAIHETIL

s XDEMGEIZFIASIND
- 1EBECERIEOHEEZER IR LR
. *ﬂé*ﬁﬂﬁﬁ [Devlin et al., 2014]
REEEMREEMAZTAN

GnEfR 24 4 [Ma et al., 2014] [Tsuboi, 20 14] B ‘\ l/”/"" X: -ﬁ-\\,l x>
WO d ./ N_word ./ ' word
FEHZHT [Chen and Manning, 2014] 2L, 2L, L

. 2]#—:‘1: BARMICHEAROERBEZFESIC LG BIHFHENHAEHhEZE R TS

« RE BERDANZRLIOIHTHRALE



ULy h=a—J)LRy NT—7F
(Recurrent Neural Networks; RNNSs)

« WABERNN | bt = FE(Whi_; 5 i) €mEER

| t _ rf e -1, 61 Y
DY he = fE(W(hivs hi 5 heY) epmzes
Emalllins e ol > i
= B n | n | n |
« RRE: ANk :
HADES ? i 4 A
A R —® p [ h T n
&kat—g\%é; IS et B e I e I e
LS . A )
D G G G



EEZTERT H-OHDRNN

c JALURARYET—D(Z KB EEBET /L[Mikolovet al.,
2013]

LTI



RE: ANFIOIA—FLHAINDT=
FEEHLAIEELR AIZHE o 5
) S (g R
1. I/:l_ O) — | sﬁg r:.‘>-‘>l >A|>[‘\
73—9%)5'6353(% % -{é L
[Sutskever et al., 2014] e ==
2. TYaA—F QKBRS RN

EIAR
TA—H DT NT "5
[Cho et al., 2014]

Ia—4 ,. A DIAEE
Eﬁﬁéfﬁg_ﬁ %%’7‘

a.k.a. ‘J7I~7T‘/°/EI‘/:E
[Bahdanau et al., 2014]




I O—FIZITHEREEHNEREA
SIEULV=8ORNNsIZREAGEIEZ 7=
BA5-ODFENFRAINS

* Multiplicative Gate Units
* Figures from (Chung et al., 2014) * Figures from (Mikolov et al., 2015)

— > - 'Hx_ _,f’ _ p_—
¥ c &2 | |
N L -
— C /—>é+— IN { hﬁ\:—)-r_// —> h <1 IN
- T (1 — a)Bx + sy
é . L >0UT ‘ P
#—**DUT h; -f:"l::f}-'i! AT + Rhy_q)
(a) Long Short-Term Memory (b) Gated Recurrent Unit i f(Uhy + V)
(Hochreiter and (Cho et al., 2014) structurally constrained

Schmidhuber , 1997) recurrent nets (SCRN)



B T>a—4 (CNN) ETFAMTa—45 (RNN)

WYision

Craep CRM

o

=

Lariguage

Generating

RN

o

A group of people
shopping at an
outdoor market.

There are many
vegetables at the
fruit stand.

Figure from the original paper [Show and Tell: A Neural Image Caption Generator

(Vinyals et. al., 2014)]

* New York Times Article: Researchers Announce Advancein

Image-Recognition Software
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XX Yao et al., Describing Videos by Exploiting Temporal Structure, 2015& Y 5| FH

+Local+Global: A man and a woman are talking on the

36



BEEIERO RT3y
(IWSLT2015) =i #ER TIE B%

TED : MT English-German (MTg,, pe)

case sensitive

System | b ey | NIST TER
SU 30.85 | 6.9898 51.13
KIT 26.18 | 6.4640 55.52
UEDIN 26.02 | 6.4518 56.05
HDU 2496 [6.3170 56.94
PJAIT 22.51 [6.0412 59.03
BASELINE | 20.08 |5.7613 61.37
System BLEU
IWSLT’ 14 best entry [ 14] 26.2
Our systems
Single NMT (non-adapted) 25.6
Single NMT (adapted) 20.4 (+3.8)
Ensemble NMT (adapted) | 31.4 (+2.0)

F ] -
http://workshop2015.iwslt.org/
downloads/IWSLT Overview1b.

pdf KY5l|

. 214MT’&K%<%’EL’CJ_H#

IS (X :
http://workshop2015.iwslt.org/
downloadsjlWSLTlS ThanglLuo

Ng.pC df&Y 51 F
g PG WMTT —3 4.5M T

%‘lez\t/l()il'EDtalkg \l’o(zﬁ )
=1 epocC
ke =f=D_{_ L12epo 3 P

D 7 B G
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— T

ADFEFE(AN)

* IT HelpdeskT—ATEE L= 554 Bfl: 1% Vinyals and Le, “A
Neural Conversational Model”, ICML Deep Learning Workshop 2015 &Y

%IFFJ

Describe your problem: i am havingissues accessing vpn

. Machme could you please let me know what are the operating systems you are
using ?

* Human: i am using linux

* Machine: ok it was in the ssl vpn on which you stated it was broken
* Machine: please check if you are logged in to corp network

* Machine: what s the error that you are running please

* Human: i am seeing an error related to vpn

* Machine: what is the error messagethat you are getting when connecting to
vpn using network connect ?

* Human: connection refused or something like that
* Machine: mayi know the version of network connect you connect ? ...

38
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L\gﬁu%t')k%g Lizf=H =M, ARV FERTE

Machine: try this

Machine: goto <URL> page and enter your
name and password

Human: done

Machine: try logging in with <NAME> and
check if its working fine now

Human: yes, now it works !

Machine: great

(<URL> [EZERRICVPNDFEHRZ S A TLIVHURLZE A TLYS)
j%l%ﬂé"d)*ll,.“ BUERIZEREMNEYIZLVIRY
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, ;|:*/:|—'3'l°- TA—F 7 T7A—FIZEYA— )LD
BEI=fHZ HEIAE R

« AX—LTH2DA—ILT T (Inbox) TERAH

« FIFLLT KXY 5]

http://googleresearch.blogspot.ip/2015/11/computer—

ENCODER Reply
R Yes, what's __ up?
- P——
1 @
e >
J@EwE | = ‘ ’
s e A Ao LR n LN
: :
! [«
[ | 2 7 | ]
Are you free tomorrow? ¢<STAR

Incoming Email DECODER
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* Silver et al.,

BRINDLT O3V DER

Mnih et al., "Human-level control through deep
reinforcement learning”, Nature, 2015

“Mastering the game of Go with deep

neural networks and tree search”
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BHIAAF=1—T )L YT —D
(Convolutional Neural Networks; CNNs)

o IRTTEHIAH (BiIFW)
s RRET—)UTICKYRIERANZEERICE#

— -1 . pf-1 | pt-1
Zf; = W" [ht_lgl, - hf; 1 nen g h“‘l%]]

Kernel (tIC&k 57 3:8) | @
o

TE——

max pooling

N
Py

1 1 1
Zy Z, Z;

tf 1 1

B0y (x| |G (0] (G




BHIAAZI—F LR YT =D DG

» EBUBIRGEVIVFIRIZE (@A F7 (11T, ABEFYUXL T, BR
FIRMWH, ERSANILEFEARRY) [Collobert et al., 2011]

« SROEFEInDEREIZHE

. XC—‘PELL’CO)CNN RENEEZ%f I AT HE

FE&XFCONN: JERAENZWLEFEDOLE T A raf#
[Sa ntos and Zadrozny, 2014] [Santos and Gatti, 2014]

* Bagof XFN-gram: i XF5T/\wi % [Gao et al., 2014]
« MFCNN:9SEBDEL RV, T—D%ZEI] [Zhangand LeCun, 2014]
. ERIkER KIET —')> % [Kalchbrenner et al., 2014]
o FRIKEDzEEREIZEIFS,
e KIZAAETIZEAFILTRD S .
fR5E: BUAHEERENSL) K —"M(k [ \ )
s FH DI TIIRKRIET T B, FEV IR ETIEF
BT—1)>2 5 A HEREN E L Johnson and Zhang, 2015]
¢ RRVICKH>TEELGHD N ELGS: —Hf or 21K




CNNIO—H ERNNIO—H (2K
HFER
[Nal and Blunsom, 2013]

* Figures from the original paper
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A—JILARVRNT—5

* RNND—#%1E(Sequence = DAG)

- BASE

(=—=u]m|

MLIE

3’Cli/

B X EEHTRER DK

DRI ILFRIZZT1F S [Socher, 2014]
2N AKRZTRET HE:

= f(wln % hi )

ursive Neural Networks)

FEEZfELY. T

Neural networks improve the

- I,r"'—— \\\ _// - ‘—\\.‘
accuracy g \\.-_2?1_,./) \__.?52 /




%’JE.' —a—JI)LARYRT—I DI

o FEHIDHT: BAIDLAN)LTHFEE - AFEZFITE [Socher et al.,
2013]

- BRIE: ERXERNIMNLREL, %47 5RFICHEE
[lyyer et al., 2014]

s RIMKTFRERNLELIRITHEINL et al., 2015]

n:l:gjl\*ﬁ- ﬁﬁzﬁmm nAuE*%Lﬁ**ﬁ—C[iRNNSt%b\&L\(iT"'i
N )

- ERBEFZRENTCIEBFE=2—7I/ILRRVLD 775‘]1'9’?%)(% _]&%.ﬂ
DEDEENEELIRY)

* :DEFEﬁE"]'~:E)/7I<
BR=1—JLAykT—%
[Irsoy and Cardie, 2014]




HIFDFEED

- BASEANIEDFE
o ANDVEEER
« ABANAE
*‘JI~'7 O E&EIZKDNEE
¢« JA—FIAT—FRZa—FZILAR YT =0 BHEETILOBEEHRZ
e JALURZa—FILA YT —7 A ER AH ADIAEE,
e BHIAHAZA—TILARYNT—Y: XFEBEAMAOWETIELIT
s BIFZa1—3JILRYbT—9 : X EBEXERATES
s BAREZENIEDOINATIANIBEEEHRZ HA[EEME
e End-to-end CEE TEHEMNEHA
o SEIFELRINE (FREARY - EXEITE) AFEIZHD?

. HAREENIA 1 - ME
BAEBIEUN ORI EEHOIRTI LB AT A

« AAFIHBERL (B B SR DEEE ERE)
« ABAEMNAE (B: 73/BLECH)




% Xk

e Dzmitry Bahdanau, Kyunghyun Cho, and Yoshua Bengio. Neural machine
translation by jointly learning to align and translate, 2014. arXiv:1409.0473.

* Jiwei Li, Dan Jurafsky and Eduard Hovy. When Are Tree Structures Necessary for
Deep Learning of Representations, 2015. arXiv:1503.00185

* Jianfeng Gao, Patrick Pantel, Michael Gamon, Xiaodong He, Li Deng, Yelong Shen.
Modeling Interestingness with Deep Neural Networks, In Proceedings of the
ggtzj;lerence on Empirical Methods in Natural Language Processing (EMNLP),

* Rie Johnson and Tong Zhang. Effective Use of Word Order for Text Categorization
with Convolutional Neural Networks, , In Proceedings of the Conference of the
North American Chapter of the Association for Computational Linguistics
(NAACL), 2015.

* Yoshua Bengio, R ejean Ducharme, Pascal Vincent, and Christian Janvin. A
neural probabilistic language model. Journal of Machine Learning Research, Vol.
3, No. 19, pp. 1137-1155, 2003.

* Dangi Chen and Christopher Manning. A fast and accurate dependency parser
using neural networks. In Proceedings of the Conference on Empirical Methods
in Natural Language Processing (EMNLP), pp. 740-750, 2014.



% Xk

e Kyunghyun Cho, Bart van Merrienboer, Caglar Gulcehre, Dzmitry Bahdanau, Fethi Bougares,
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