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1958 logistic[@)3

FCN 2015 e =, 1966 HMM
ResNet 2015 () 1967 KNNEZ
GoogleNet 2014 CI&SS = L) 1984 CART
[ *
GAN 2014 |0 a’gor’thm 1986 BP/ANN
x Wi —HE /
AlexNet 2012 =Iunl 1989 CNN
Random Forest 2001 | L) 1995 syM

v

RAES 2001 = @) = 1997 RNN/LSTM

1997 AdaBoost
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KEsting — EEEE3 mAHE. IEIME. SVM (SHFEEH)
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T sz |- —OWEES

Machine Learnin

(—MFE, Rk .

— RHHlEFES
— BfENMRATHERE?
AT EEE 1= HIEIZ R ﬁﬁxlﬁlfﬁ Neural Network
Anﬂcial Intelliigje)nce Data Mining o
(—HRES (—M753E, WIZF, SHEERL ) sETREweRE | REFS]
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#E4E vk #+ (Peature Selecton) : ZA4Z 8., TEIDF

e a = El ,
bk i —{ A oAb 2 H o AE £ HY }—{ 5 NEFE ]~'{ J,_“,I: }—“;L
b TR
L

H iz 4k pE & B

25607 . IREFRIR, A KA
@ BBE5 G
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10A19H, A#iE T ANLE g8HIBADeepMindES R ¥4 RAR T —
Fzhi2H K1 AlphaGofe

XK 4 AAIphaGo Zero, 52 BTN T AR AlphaGo it
TX3E, MEREIX100%
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Game Playing Machine: from Chess to Go

(2001 K=8F7) (2001: A

1769 & I E5GR A B Space Odyssey ) 219684
ZXWolfzang von Kempelen MRAg , FERIEF| Efp i
&5 7128 ATheTurk , B2 2, RERONARTE =
ERERSFES TN, e/ MR SRATE B R,
(BRLUEEF , A RP—rEEEEE AHAL
<Akl MEREAET 5 \Frank FEFRSUE , A3
HEE— A fEHESEATHE FX,

TIME

1997 SE7E IBM AUFR IS SUAEE fn
FRIEH AT ZE Kasparovfg , B
ZUuEIRH 7 — IR AIBkES - bt
SIS AETEHEE , B3R
=R THRINEEEEL
kAR 2EBI—8F B
ZEEKPEE" R ERNE
hiXEEE,
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20 Years, NOT 100 Years

Challenge Match
B - 18 Molareh 3046

Deep Bluelt EIZR BE 12 RARIEEIE , MAlphaGoEB{§ A 3 | BiIBSEFIREED,
AlphaGo Shock : AlphaGo/filiifffEEEE , HE3MZIFETTATSETH |, At A TERE.
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Deeper Blue vs. AlphaGo

@ﬁ%}ﬂmﬁﬁﬁﬁﬁ LB ﬁ-ﬁ"’i‘“@%* Policy neteork Valua natwork
a8 . iE T £ Pay 3 v (5
a P o 5% : .
a : .b-m
7 . i @ L i . v
i i . i .
- ; i +
- g ‘ ‘
CER e E 3 ——
} - | Hinton FEI A  BIILETHERTR
| IEE. BERSAT SBETl. thiF Pl
J FEEHRESI R A 2ELEE BRE
—-— \ _ e XAETREFITEIETESE
g - M. FH A TEREREIERTER
_ | . Gk E, EREE (TR R TS
a i | STt LTEER

@ =BT



TTEER ;. 1943FE &) Warren
McCulloch F#1Walter Pitts 2

FEAN2E (Perceptron) | BIES/RAE
Frank Rosenblatt 195752 H

Perceptron2E—"BEBHEFEEZE
Seehavsr=EEs

Rosenblatt FINFEN : ERNsSERLZR]
I S e BiEEE

BHIESRANTER—EEL  £E
BESHENE , B2E "LUSALL
SCE RiE B X BERES EE
EEERER"

1]
Original Perceptron
(Frowe Perceptrous by ML Micky awd S Faperr.

1, Cambricpe, MA: MIT Press, Copyripht 16y
by MIT Preie

Si mp li fieed model:

~ W2

Framk Rosenblatt

(1928-1971)

Wi
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Rosenblatt vs. Minsky - ¥ fit Iﬁ‘ u

® Rosenblatt ] MinskyZEfe—REIEPRER. BE~TFEL B PATRAER0ERR
TEF TRAHE8VERE | RADRBRNSIELRAEE , MULA N R AEEIR

® 1969 £F. Marvin Minsky F1 Seymour Papert tHhR 7 Fr: "BFlss: ITE/LEEN". FF
1OIE T REAIRSAE RO N SR B

o F— BENHEMNSITERFRATERMENS HUEIER, BAGFNSa]
o ¥ FHmNREE. SETHNBMTERE e NSER R ENEA N EE

o HWEMHE LIBERENEMAIA TEAFAEUEN(ERE, | > arebinary (Oor 1).
BT KL L ERRFEETE. XEaRRh i
WRETERE i

® Rosenblatt BSN;ZE IIER GEEMBHARAEYN, %< 5 ,‘.":rn ) =
197 1543 5 4 BT, RE=1ES TR E A TS S .

y=x; XOR x4
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“The Godfather
of deep learning” *

Geoffrey Hinton & NNs

® 19704, HBENBHARNE— 1 ELEIGET. FRENE T EXF. —(23FHNFEA
Geoffrey Hinton. QIRIGR{SOIRFRIF AL
® Hinton 7N+ EEREPEERFIIRRIFE X, JH— I BEFLEMNBRITINSIZ
IR A FEIESANSZ. AE2EEREE TRt S. MEGERRAR—
B o EET— 1 EXAIHRETTAIMNERE.
® SFETLFEAL (Distributed Representation) FUEFAIBEPZRAE (Localized Rep.) F8EL
o FEIESRE : LMHEMAMEE EE. n L AFRAISEIBIN A BEAEEES
o LiEtlr . RIESEIHIEENIE. SENR AN SZENRA RIS
® X MEZLE Hinton IRE. {Ft40 B FR—EE RSN EHARREHE ERE
o AFIEV /. Hinton IEIFEHEGEEE T EAEH. IBEATHEEIECHELTHR AR
® 1978 &F. HintonfEE | A EBT2M/S. FHZ=EE 4k EbATHE T1E
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Rumelhart &BP Algorithm

® FEREZRILRT Minsky JEHAYERE : EXRAYITEE: XOR/EFE

o (FHEAEFIEREINE “BE ME NS EMUER. FENItHEIIRETT
HERFHRRIELL. ST RIS BARITEERLRIEG
o EREERY

® 19386578. Hinton #0 David Rumelhart S{EfENatureZ¥E_ FEFIC N : Leaming
Representations by Back-propagating Errors. BB— R R a) S HEEABPE = N E M

- REEEEEEMEIEHEE FEEIRMHRETTEE S RIELL
~ BPEIZEIIEREMNEELIN— 1 FrBFR/E (hidden layer). ##R 7 XORYER

» (&7 BPEZRREMBEETNFARNRE 2 25095 8 T{ERT. XERLEFIEs K
BES  /\TERRHTENZETEE. Btk +Fam 7T HER

® REME N ENBRIARITIEER !
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Yann Lecun & CNN

® Yann LecunF1960FEHEFE2E2

® 1R7ELZEFKEEITF(/E. fH=I1ERE Hinton #IFFIS S AEM T —FFTENT
{E. FefEiREIFET =8 MAY Bell Lab #4557 L1E

® 7f Bell Lab, Lecunl989FE AR 7iE X, “RENEEH FEFSHIBERB AN, {EFE
EEERRSIRHINE AN FEHFIELR R IGFREMNE RS, [EFFRFEEIL
UM ERTR. SEEREE%

® [ comiF—3HZ=HE—FRNUET - EFRRE LS (Convolutional Neural Networks) BIFEA. FF
ZEElEE BFEBRT E FIFEHF. XN ZERIEFENTERERSE
T EEER20%EIM3%

® HATF7EBell Lab. Yann Lecunl@fi > ER— 1 EZE Viadmir VapnikB T{E. IBHERER
BHARBANE_ T EL |
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Hinton & Deep Learning

20034, Geoffrey Hinton, FESIES A, IEMENENTNE SRS

® 2003FERFFHEAESEE. LiHinton AEMN+AZFESHHTEEWATRIES. 11
IS XFTHAZRNR (Canadian Institute of Advanced Research, CIFAR) RS EEMRE
Melvin Silverman &1

» Silverman [8]A3R. F9{+4 CIFAR EXZ | BRI E

F ITEBRERIEEHRE. Sebastian Sung FUASHERTAZHES EEE : "B. BN
HEITESHE MNRCFAR EHHE CEFEX. SH— 1 SXL. ThEFEF15Y
EFfK. S = EIEA] 7"

» B2 CIFAR EEM2004FEFAEENX MNEF 5. 28— /5i07T. CIFAR B2
BHER _EME— SIS R A=A

® Hinton FEIEEZIFAA. MHE—4E. ML BMERE" NSEEA "REFS"
® [t/5 , Hinton FIEERHSITEHBRAEDLEAN  "HAEARENTTIERIT!".
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DBN & RBM

-

® 20065FHinton FIS{EEEFRICN : A Fast Algorithm for Deep Belief Nets

¢ X HERTHITNEFRRZESH TS | —MHER MSALE IR
SHIRERRVEEURL L. FIEREERIBIEZ IEE R, FERMBERY TREIRRZS
" RBM)ZRZE>]

RBM 85T RENS. B—E#ET Bl ol Fridny PRSI, Bl AT RE RIZSSE
“unsupervised training” . A= BI=MEDBNFLE/LE RBM &EITE—iE

RBM AJ MG SUE R TTOE)4. B CANBEZERVHIE. XHpE MeERIIERH TE 31
ek, EFRE : ${HIREES (Feature Extractor) 3} 514RE385% (Autoencoder)

Hinton 5 : FEFIIRI=HER 7iHEED Boitzmann Restricted
MAIRERREI, BORE R IE s —_ ‘Mechine.
DENGEE A SEER agen () () " a8 e
335 N MNIST $RERIEE 45/,

X F— N RS R s PO 0 ®

HATEBF 1.25%
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Andrew Y. Ng & GPU

® 2007FZHI. FIGPULRIERRZ — &R AHED. HRIZZB. DebugEE

20074 Nvidia £ CUDA BIGPU ¥{HEOE A HIESE

® 2009F68. HiBEASAY Rajat Raina FIEEIXSIEEFIC : Large-scale Deep
Unsupervised Learning using Graphic Processors (ICML09) ; 1§ FEDBNsIEEA G TR
fB(Sparse Coding). tRESEUAZEI—(Z ( SHintontZEISFIRITIEL I TR )

¢ PXERET | FHGPURTEEFMBERIZCPUIRLL. BHREIERIETOE B—1
[UE. — (21T ZERTREENS LERGPUERRFIZ TRIEN UBEEI—X

Published source Application Params
Hinton et al., 2006 Digit images 1.6mn
Hinton & Salakhutdinov | Face images 3.8mn
Salakhutdinov & Hinton | Sem. hashing | 2.6mn
Ranzato & Szummer Text Jmn
Our model 100mn

MF, ] | MF, ] MF,
Shired Shared Shared

Memary Memary hdemory

Figure 1. Simplified schematic for the Mvidia GeForee
GTX 280 graphics card, with 240 total cores (30 multi-
processars with 8 stream processors each ).
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Jen-Hsun Huang & GPU

E(C/). 1963 FHEFEE
® [993FEMEMBEREMTENEARALIIZ T Nvidia

® Nvidia FESRAMHAIEEUSIBATC . EEEXTERK TS, 1999 SENvidialEEEC
89 Geforce 256 i /BT, Z88T GPU (Graphics Processing Unit)iX M1

® GPUNFE(ES. EEERENERETREEL. THEEESHEE. IXTERMFEY
FPESZOUER XMNTELERER. EERRFTHEESER0EEE

® {T4&AY CPU I HZEE. HELAAEHTE. — R ReEERH— M N EEE. ™
GPU ER/EERERIZIBETT (ALU. Arithmetic Logic Unit). EEFFMBRY Single
Instruction Multiple Data ( S3E<SSEHEM HIZRS. IERXIF A EEUEFTAIE

® — GPU. FFEEJLE ALU. FMTIHERE RS, FRLURE GPU ARV HEREE
£tk CPURYIAEIE. (BRI AFEF TR E T/E. B CPU HiF=

o HEMNZANTETIE AR EMERERVEMFTERIRE BISAESTER GPU
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Big Data: ImageNet

® 2009%. —EEEMEARAZITENRNELAZEE (BE—EEN Jia Deng ) KR 718X :
ImageNet: A large scale hierarchical image database, EFpEEY, J 2 — MBABEUGEGERE
T EYMEARSER

¢ HIRFEEVY.E8T320501Ei%R CHEN. SEBENEARA N EE.ENTE
SERIITFEEER FIEREUEER. BELRREIST AL ERER

® 2010 E, L:L IlﬂﬂgENET Wgﬁﬂjﬂﬂﬂ{% o= 25 S EEEEE SRSl e B ERTES  ESSBE W

PEMSEES ¢ ~DelEm - Eu--l.--l‘"'.m Eail™
HE . -

1HBIEEZE. ImageNet Large Scale Visual #um—m---

. mg-lﬁ-_h“ﬂl._m
Recognition Challenge 2010 i e i 0 A A Ao T+ 1 """"'E-HE:'-'E

(ILSVRC2010) %_LTEEJJ‘ ImageNet Large Scale Visual Recognition Challenges

o TEEAINN : LIFHEAEFII20/51 Bigalelt el srt it o ame o et he
BSOS SE BT LT  E5aiee et i ik ctaser e
SATRRZES). BREE TIRE,

Z137) IR, BET S A R EGHE S R ERE
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Image Classification : ILSVRCERE=E

® Top Five Category : ITEHEXNEUSAISZE. EHEEAEAISLA . NRIFRESR
EHANEEEAEINEER

® 201055BZE : NEC FHEFIEFEAEZFESTAIELEERN. BAZEEEN (SVM) AU,
1RBIS=AUEIRE T 28%

® 201157 : B Fisher Vector BNiHEGE GERISVM). IBEERIERIT 25.7%

® 20125 ZE : Hinton FAF A Alex Krizhevsky, Illya Sutskever , FlJFHCNN+Dropout

E3% + RELUSEIREL BT B/ Nvidia f GTX 580 CPU (R7F 3GB. I+ELEE 1.6
TFLOPS). {*BTE]E_EEHle_J ﬁ?&g/ \E 15.3% -

® W12FI0F13H. ARFEERLHE. FAFHET
IXERENE_+SEE FRERGRATE.
EFEEMNAY. KIEEHN 7 BIRIEA

¢ XWIFRATERERATRAI— 1M IR
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Yoshua Bengio & RELU

® 2011 &F. I AR/ AFFEE Xavier Glorot #] Yoshua Bengio ZFRIEN : Deep
Sparse Rectifier Neural Networks

® DN HIE EPER—FIRAEIELIEEIT” (REctified
Linear Unit. RELU) BUBRIEREL. X3 F45ERTRmA. i
st P RS TEITERAL RIS Sl
o FEMBIERIREEVERAELL. RELU A(GRBIEIE ”
TEREE MEEEHE. IFHEMNEESIHT % 4 %t 5 9
“Faol|E& I FHAEUR
o (EHITHBRE HENEREEHEE = AR HEEESENRELUE/DER MBS
o RELUNISSISEs IEEE— MG s R s R S S b s

o &t E—FARS T EIgERME AZE. (FH RELU fUEEH BN EES. MBS
TATPRRIIZ AL, 7 FNB TS FRZR/E” (sparse representation). Fi/D BRI o] LB, i, 15
A SR E LA
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Schmidhuber & LSTM

® 19975 R Lugano A AY Schmidhuber FOMBAYELE Sepp Hochreiter
E1E. 1B T EEBIEIZ (LSTM. Long Short-Term Memory) BT E &R

® 1STM : EEZRRRAVERE, RINTIEEHEE. ESERMBENBZTBZIT. HagH
IERIEEREE

® [STM &R EEITAESEYEE (A0E. input gate, output gate, forget gate). REE
MANEEAERALGESHMMESICE. (O ER. R ESAE
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4 . . : ERHBRART
Generative Adversarial
-

Networks (GANs) .
| it A
P Crosssbicllow, UprnAl Risewrch Scisstis: Z’ f

SLPS 2006 futicia
wrcelomn. 16124

RERFEENTHHHIRE )
" t.r F |

N -

)

92 R RI IR T
Predictability Minimization, &2
#¥BRAOHHAOF L ¥FH. ...

BarmAERTH |
GANZ BRI 22
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N
MEENET B
VGG16 —» VGG19 —+ MSRANet | ]
— | ResNet
EREhER: ,l,
Inception V3
— : -
NIN GooglLeNet —’{ Inception V4 | Eon
ResNet
MASEETHS TS
SPP-Net
R.CNN —)‘ Fast R-CNN —)‘ Faster R-CNN
2, F- 7L T T
Inception V2 FCN STNet CNN+RNN/LSTM
GoogleNet
ResNet Xception
_‘LeNet AIexNet‘ VGG A A A X
1998 2012 2014 2015 2017
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"aImageNet i i

ILSVRC Top 5 Error on ImageNet

30

o FE 2] .o
% NG LR
R j( E HR Deep Learning
@ 20
p $ B Human
o 15
5 AlexNet BIRBET AL

10
g : GoogIeNej:— -----------

I ResNet
0
2010 2011 2012 2013 2014 '\ Human 2015 l 2016

source: https://www.dsiac.org/resources/journals/dsiac/winter-2017-volume-4-number-1/real-time-situ-intelligent-video-analytics
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EDITORIAL

National Science Review

0:1, 2017

dai: 10.1093/nsr/mwx07 1

Advance access publication 24 June 2017

Science and technology, not SciTech

N

2
v
"
”
A
A

Guanrang Chen

The recurrent phrase ‘science and technology” ranks one ahead
of the at]'lch but the two words have been treated the same
by many and, in practice, their priorities have often been
swapped.

Science, more precisely natural science, refers to a system or
notion of acquiring knowledge through experimentation, simu-
lation and analysis to understand and explain natural phenom-
ena. Within the context of this discussion, it could alse include
mathematical science. Technology, on the other hand, refers to
the collection of techniques, methods, skills and processes that
are applicable to the generation of products or services beneficial
to human society.

Between the two, science provides a foundation for technol-
ogy to develop. Conversely, advancement in Lechnulogy con-
tinuously generates new motivation and poses new questions
to science. The late great scientist Qian Xuesen (Hsue-Shen
Tsien, 1911-2009) believed that there is an important compo-
nent, which he named engineénng science, connecting the two
together.

Scientific advances have mostly been driven by human cu-
riosity to understand the basic principles governing the natu-
ral world, rather than the desire to meet human needs. Many
incidences of discovery emerged unexpectedly, beyond human
prediction or planning, and they might not be recognized as
such within a short time. To name a couple of examples, math-
ematical number theory has a 3000-year-old history but it was
considered particularly useful only when it was successfully ap-
plied to modern eryptography. The esoteric theory of general
relativity of Albert Einstein had been placed in Heaven but re-
cently stepped down to Earth with the GPS application. The
structure of the DNA double helix was discovered due to the
curiosity of James Watson and Francis Crick about genetic in-
heritance, which has lately revolutionized both life sciences and
biotechnology.

It thus has become clear that, in promoting science and tech-
nology, one should not take the same approach and, in particu-
lar, one should not simply borrow the ideas from technology de-
velopment to pave the way for science to evolve. Methodologies
and policies from technology management should not be simply
applied to managing science. However, it is not uncommon to-
day that many administrative decision makers in academia rely
on their ‘technological thinking” to target everything including
science, believing that centralized planning, big money and fast-
track promotions alike would be able to spur science to develop

and excel. Furthermore, prevailing views and policies measure
the values of scientific research based solely on whether it is use-
ful in providing services to the society or whether it is able to
deliver marketable products in the foreseeable future. In so do-
ing, some long-term fundamental scientific research would be
ruled out because it could be labeled ‘useless’ from a technolog-
ical point of view, especially at its initial stage.

In responding to such science and technology governing,
Helmut Schwarz, President of the Alexander von Humboldt
Foundation, recently points out that ‘most breakthroughs in re-
search are not and could not be planned. Rather, they appear,
like Puck, in entirely unexpected corners. Because it is the pas-
sion of individuals that sparks major discoveries or inventions,
choosing outstanding people and providing intellectual freedom
and generous funding are key to the success of academic institu-
tions’ (On the useful of useless knowledge. Nature Reviews
2017; doi: 10.1038,/541570-016-0001).

Notably, in the common Chinese wording of SciTech
(¥} #L), this compound abbreviation of ‘science and technol-
ogy" is usually understood and presented as one single subject,
leading to the widespread misconception of science and tech-
nolug}r as synonym, to be viewed and manzgcd in the same
way. This is a problem throughout the long history of China.
Cumulated observations and evidence suggest that this view of
SeiTech may be one of the reasons that modem science did not
emerge in China. In fact, most Chinese ancient advances were
developed towards technology for their practical values but did
not evolve into building fundamental scientific knowledge and
theories. For example, the discovery of gunpowder did not lead
to modern theoretical chemistry, the creation of the compass
did not lead to modern electromagnetics theory or theoretical
physics and the ancient Chinese remainder theorem did not lead
to modern number theory in mathematies.

That technological innovations were not accompanied by the
establishment of modem science has long been a big puzzle
that remains for Chinese scientists and technologists to be fully
unraveled which, if well resolved, might quickly lead Chinese
modern science to the forefront.

Guanireng Chen

Chair Professar & Director, Centre for Chaos and Complex Networks,
City University of Hang Kong

Editorial Board Member of NSR

E-mail: eapchen@cityw.edu hk
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Deep Learning: A Critical Appraisal
Gary Marcus

(Submitted on 2 Jan 2018)

Although deep leamning has historical roots going back decades, neither the
term "deep learning” nor the approach was popular just over five years ago,
when the field was reignited by papers such as Krizhevsky, Sutskever and
Hinton's now classic (2012) deep network model of Imagenet. What has the
field discovered in the five subsequent years? Against a background of

considerable progress in areas such as speech recognition, image recognition,
and game playing, and considerable enthusiasm in the popular press, | presen
ten concemns for deep learning, and suggest that deep learning must be
supplemented by other techniques if we are to reach artificial general
intelligence.

Comments: 1 figure
Subjects: Artificial Intelligence (cs.Al); Learning (cs.LG); Machine Learning (stat.MU
MSC classes: 37R4D
ACMcdasses: I.2.0; I.2.6
Cite as: arXiv:1801.00631 [cs.Al]

(or arXiv:1801.00631v1 [cs.Al] for this version)

Deep learning thus far

3.1. is data hungry

3.2. is shallow & has limited capacity for transfer

3.3. has no natural way to deal with hierarchical structure
3.4. has struggled with open-ended inference

3.5. is not sufficiently transparent

3.6. has not been well integrated with prior knowledge

3.7. cannot inherently distinguish causation from correlation
3.8. presumes a largely stable world

3.9. its answer often cannot be fully trusted

3.10. is difficult to engineer with

Gary Marcus. 2018. Deep learning: A critical appraisal. arXiv preprint arXiv:1801.00631(2018).
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Paragraph: “Peyton Manning became tf| ADDANY 7.6 1.7 4.8 2.9
back ever to lead two different teams to | ADDCOMMON 8.9 51.0 41.7 n2.b

Bowls. He is also the oldest quarterbac——

in a Super Bowl at age 39. The past record was held
by John Elway, who led the Broncos to victory in Super
Bowl XXXIII at age 38 and is currently Denver's Execu-
tive Vice President of Football Operations and General
Manager. Quarterback Jeff Dean had jersey number 37
in Champ Bowl XXXIV."

Question: “Whart is the name of the quarterback who
was 38 in Super Bowl XXXIII 7

Original Prediction: John Elway

Prediction under adversary: Jeff Dean
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Passage Sentence L] Between question and

In meteorology, precipitation is any
product of the condensation of
atmospheric water vapor that falls
under gravity.

Question

What causes precipitation to fall?

Answer Candidate

gravity

answer

cause---gravity
precipitation---gravity
fall---gravity
what---gravity
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Man:Woman as King:Queen

Father:Doctor as Mother: Nurse
Man:Computer_Programmer as Woman: Homemaker

Gender stereotype she-he analogies
sewing-carpentry registered nurse-physician housewife-shopkeeper

nurse-surgeon interior designer-architect softball-baseball
blond-burly feminism-conservatism cosmetics-pharmaceuticals
giggle-chuckle  vocalist-guitarist petite-lanky

sassy-snappy diva-superstar charming-affable

volleyball-football cupcakes-pizzas lovely-brilliant
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