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1 A&
1.1 HEF IR

PLER AT QAN T 295 ROFR T, (H 2 ML & ST XA RS A BN LS 2% ST HOR I
Wik N 22 T8 IR o FENLAS S TR R I ST T, A LTS ) A N HEsp LA
RNty 4l G A E PN

M 1642 4= Pascal & B F 2200151, $) 1949 4= Donald Hebb 2 H (147 B8 —fi#
B2 S i RE A R A 28 T B R AR AR A, B2 & LS 2 S AR A 2 . st b, 1950 4F
P RAE T B RN SCRE gt AR AL S S . 31T 1952 48, IBM [EEE « 628
R (Arthur Samuel, B8 “HLERFEI 27 ) BiE T 3K D ] v e B RS 7 . 22
IRFIIXAFE P AT 2 0 R 5 I, BB I (] (RS, F2 7 L Z A Aokl ip (M, JEBUR
FEXAFEFHER T DM “HLETEEBEAE, RGN PSR X — 5 INR,
JF1E 1956 AFIERIEH T “HLE 217 X —MEEs

XL AR S NIRRT LN Z AN TT I #EAT, A& “ @RPLEGE B8R 2RI Tom
Mitchell MK HLES S 3152 SORN: X FHIATE T FEREER P, W ENEFET LLLP
i R TEREREE 200 E T H 3RS, AARIX AR AR E 22T,

iAo, HLEs5>] (Machine Learning, # &8N ML) (AL RGNS 2 R 2hd it
R H A BB R gt T A TR RO R, e R N e (Avtificial Intelligence,
fEAR A AD [ —AN E AU

12 BFFINERAE

ML SR SRR PR, A JR I R) 4l 0 T Broas -

FiaE | | EREEEE | [RTN&¥IS | [XINE¥IR | [EFzRRet
FOFOMGN | EERREGNE | | ROEAINS | | ESBNBES
A ERFIMR SriiEmsiA T NES s E N
201450 20142 204 20140 20142
FR2F 505Ef BOEF 7058 BOZEAE
® ® o ° o
o o e
SRS EATE GE T AL 3 9 T P AR IRE 7 b4 2 R
By nas TMRRE | | ASnREnENNE | D BERTENENEEER b
ERSHNFEFOERES | | ¥IHELENE ATABBRIAERDRUE (@£ .
EFEEYL (SVM) FHERWERME (RNN) &
BRT. MM RAFIEE R T
2010%F 20004 AR THA MR T
20842
GO

1-1 NBF IR
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2 BRR
2.1 HIBRFEIEZESTE

BUE T ST DLBIR RO BRI (7402 WAMEIRHE (x, ORI, Bl
SERRTT LR A SR R . IR STHENIO AR IR], L3870 S0 T LA oS
IPERER G T, (IR, BT ISR AR o B LSRR BT AR,
BUBR T Bk A B T TR B ST R

Customer Retention

‘eature Diagnostics

Recommen der Unsupervised Supervised hvertising Popularity

Learning Learning ‘Weather
Machine Y= <
Learning —

Clustering
Targetted
Marketing

Reinforcement
Learning

2-1 HEEFI N

22 HISBEFINZHAREZE

1980 AEHLAS 2 SIE N — ML % BT G fEXZ R 10 AR B T 2
HEMINEMBER, MRARERZ: /FKS5EER (CART, 1984) | RIaf&#E5HE (1986) .
HBRMZMZ (1989) . M 1990 F 2012 4, HlLas2 1Bk ] AN, 7EIX 20 24
LA SRR R AR B T sE RIS, nE R AU AR AR 0 AR
FEFEENL (SVM, 1995) . AdaBoost Hik (1997) . FEFAMIZMILZEA LSTM (1997) . i
23] (20000 . FEHLARAR (2001) . Hlas2e )RR HERL,

® ZL{E[[A

® R E[RIHK (CART)
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® [fHlARM (Random Forest)
o ZiE[AIH
® FhE I (Naive Bayesian)
® kIl (KNN)
® AdaBoost
o K-WHHFIE (K-Means)
® SCRFHEMHL (SVMD

® T HZM% ANN (Artificial Neural Network)

2.3 ML R IHRLRE S
2.3.1 XTI

AT 2% (Generative Adversarial Networks, GAND & I 0 M 5% 3] (R H L% 2 > 4
A, H lan Goodfellow %5 ATE 2014 FE4H,  HHRRZE I 28 1 SR ) 28 R0 A8 il sty jlg, it —
ot B 5 G O AIL A ZEL B P —Fofr 2 ST HE SR, GAN FETREE 2 ) U ie T — 3 %y . 14k
R i F BB B 80 AR RBM, LK S5 2R IZ M A FH R JRE A 232 IR 8% 13k 4T 4 35 (1)
AutoEncoder, X5 BRI LB KA Y GAND,

[ RBM/ DBN J ‘ AutoEncoder ‘

I |

DACNNEFRR GAN . -
ImprovedGAN
‘ (2016)

R HPACHSISERRmodel collapse

# HCycle-Consistency LossRRE Hi§iRa)E
AHE AR5 I
ERER

PGGAN

MAFEFREFARRAVEMF— R (2017) % WRR“GANIEM#&:&E! R
video2video BT XABNS RN RER
(2018) (2017)
® StackGAN
FimageNet . " (2017)
AREIRNAMMGAN RHBE=E

BigGAN StyleGAN
(2019) (2019)

&l 2-2 GAN & FR Rk
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2.3.2 SHRHNBIE S

XFPUNLAS 2 2 ot — LA 2 o) 5 BN 22 4 (38 AT L8 5 o BE LR R AR
T INLEE S S HOARSR 22 A ORI o BT LA 5 ST HOR — RO 5 2 1] — AN BRI A R e 1) s
GrA, HEE BB S N, TR R P A, XM — e RO, LB
BRI, — RO RS (adversarial example) R DLAS R 2% 27 >) #5725 ok S 1E
2 IR0, BRI (et [ AL, FRATT 23 9P R3S, W YNGR BOANERE (inference)
B B REAT 15 1R 16,

® IR Bzl

IR B A% &y (Training in Adversarial Settings) , F2E ) H k25T RS ) 2
B AT RN S, MRS RY B M RE AN T A 2 o IXFE AT A Z @ HR 2ok
SERHI,

o EHIN BT (Inference in Adversarial Settings)

HNGRTE R MR 5, R ATELE > BOX, AR, XT3k
ATan R A 1E, BATHE 2 8o “ A& B, A&, BAUFAHMEAT,
FATHAC E 2K “ B A GRAOTEZ NI ARG A 4% F S AN R &
BEBCTFBLE IR A, ER 5281 IR #R A Ay 22 REXT IR (K B 4 45 R A AR, 55 T
o HLRO 71 VLR I A ISR o A BT AR Y

24 BEHERES

2.4.1 AutoML

HaFLE % >] (AutoML) B 7EB ik —SEi@ IR s At 2 . A5 70 2 A 1 5
WSO Ashtl, KRS S E AR 2 . AutoML 248 R B IEN A Sk e i
SR, RS IR L], SRUFTX S S A, X e S L RE AL gL DU,
LB Z AL (multi-armed bandit) , HHMEHEYE, B LESHINRASE . APl I A0
AR RF R RER, BB, MEMEGEmIEER, S8 SIS TIERNS
—%. BIFLEE ALk, TR RAMLE, B ENLEEE EE,
¥ 2 A0 PR R HOO LI 2 A TSR SO TARIR, DA TR R B0 45 58 10 R e 1k RE ML 25 2
SJREL, AutoML A R N BT R BAERECE (0], WHERHE. SN
FELINGEAREN, FT RS AN E AR, 58 SR FE R IR AC &, 55 SR (A2 A
IR R g AT, ST H 1.
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2-3 AutoML EAH72

IEH, £ ACMCHI R RGH NKIBRER S L, FRE BT 2R, AR A AL
KEF TN ASLRIRE R —Fp T, 4 AutoML J7 i1/ T RIEE s AL 2R Fh . 1% T
HA N ATMSeer, B4 AutoML R4t BREMA RSN — 25 BN, 5
FE P AU AL 1) S A SEBL AT ARAL 2O A, St P RESR AL BE 22 S TR ARUPERE IS B

Datasets

[arsennc-lemalebtadoer : ' Uoioad:
Dataruns

@O 71:besix ] (> Au]
Data

Metric: f1

Best classifier EEEED) 0.939:0.004
Total classifiers: 248

© 3

140,

Performance :

.:az

0 30 5 0 120 150 180
Numbzr of ckasifiers

Top 6 Classifiers  Focus:[ |~
> B 0939:0004

> 0.939 £ 0.005

> 0.939 £ 0.008

> 0.937 £0.002

> 0.936 £ 0.008

> B2 0936:0.003

& 2-4 ATMSeer BB F I EFIH I EMNAPEAFEXERT

- Profiler
- vAlgorithms [ Checkall
mip 113 0.939 knn 53 0939 gp 6 0938
o9 o9 09
o8 o8 o8
or o7 ~ 0r

08 08 08
05 0s 05
04 04 04

03
02

+ v HyperPartitions of

0939/ | og30l ]
G distance-ball_tree-... & uniform-brute-min...

03
02

o o1 01

] [48/60] [} 1/24) 0
Filter

>

sgd 43 0.936

01
[} 19/24)

| 0930l

& distance-ball_tree-...

0920 | oe2e 0929

G distance-brute—che... B uniform-ball_treo-..

0928 0.8271

[-] s by 2 dis
* v HyperParameters of
ow ow
gnn . - § o
4
s e om
uw om w om
o om
® M . . © P
leaf_size

G distance-ball_treo-..

4 )
3 distance-ball_troo-...

3 distance-brute-euc....

0.9291
& distance-brute-ma.

0.924]
{8 uniform-ball_troo-.

°
1 /— Brush to highlight classifiers
&mod ‘

g o

s

1
n_neighbors
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KB ATMSeer A2 i) — NI A S, Son A RPTIE AL RERITRAMG S, AR
AR SRE R ZE IR . XA AutoML 256 IHL &5 2] & X = BIT R LB, b
J PR B S A B TR R AutoML BT ROTERERIRLAS o X AEMAE L RS AN [ R 2 sk
(9 13 ArAfF e A A SR B, 1 5E FH P X AutoML RS 21 B e SOREAT =l I RIE
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PR RGUSITI R DR BRI IR DERN R, X5 BT ARV P &
5 i &4,

25 WRBEMEHEES

AR SR AR N SR REWS BEAR R SR R I RE E o ML I BERY  ml fRe bl e A AT it
7 5y BRI A R R PN o AR T AR P S AR pAY AL A ) B R DA R XA R £
R HLEENEAIUE: BB, ST RN AR, AT AR LU,
TS PEAC B s FESRNIZAT BB TA1Mb 55 07 RS 2R FS) P AT L, o A R 45 SR AT e
PLandt SR, AR DA IX A R P R R S 4

PLEsA R D IR WORER « IS eEdE . IIZRRE L T 56 UE e A 1R B A 1A
EARIE PR AT HIRATY o 55—, IR EUA/IN IR R 3 A PR i PR A 2 P VA PEE R TR o 25
OB, I HERARIRR Y AT 2 R R (R s E A R R 2 R AR o — TR B
LEPE DR AR, DUOVER B T AR NAREZ [ MAMEMR R, (HE2HIERD
. ERVEAEEE R RN OCR, BRI HUER b i NS P 0 A W] RE LR TR LA
LA T o — e, RUAENTRERSAE 22 UG AT R AHEWT, Bt DUABA T T DAAR 2 A A2
5 HARZ AR ZRINK R, H HIE AR R IR o (AR R AR R il oy RR A
PATTCIEIRAPI A 7 AT Z5 R (X SRR 2 R B OR R i ABRATT R BEF R 3 L R
PPN PR, RIPARAL R AT 51k . s b, A R LS 2 ST AL
R 12% 0, 75 A TR P AR RS R e (1)

2.6 ELZLES

G HLES 27 S R R R, BT A NS BE Tese €, @I i MESE AR
P I Zx 8t ERIASRIRZEAS B 70 2848 o« XM 22 S) 7 iRAE /NS EEUS 1 EORRT), H
MEHERBERT, HAt SRR RS, TCiEH T SRR AN . SRS
A, FELSE BN R EE FR SRR, Sl H A A — NIRRT At A, KRR T
) FRAN A R R 2R AN (8] RO, Sei P AR BRI, R HE R B K RS
PLES 52 315K T PR B, 7R 265 ST i) DAY ROl sz iml B, 51 1 SRS A T
2R IR S N T2 R 1 F A BN GRS, SRR i, K
Ko FREIEUT RES IR BB AR A 73 28 . L2l LRI R, R CRBR T —BE% %
PRI, BERT DA I At 3, Wm] DLaE ST AREe ek B, BERES ) Tl vl 20 T 00, e
i e PRHHE AT 73 A L T EAIZE H—MEL S ST AL O 2T B Ar.
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HRATE 2 ST A8 2 ST R L £ LR, LR STE T LU —25 5 09, e BT
B £ STRIE AL 51 o T8 0 52 T 38 LA ) 5 PO Sk 4, T 4 R
5153 FURE UL SI45 Kk B BOZE Ao e L OO, B, DAZEZRAM NI, s S 3% 17 LA
SPIGRREA, R T 54 5 B F IO 51, AL T IIRREA S AT Ll SL 523600
KRR I 515 L AL B 5 R 2 TR R B RE A, i ) B T W L7 2%
57, T AINE BIORE, ehHE AR 103 S A e Bk 2 5, HI I Rt
o,

2.7 BERT

BERT [4=#K/& Bidirectional Encoder Representation from Transformers, EJX{[\] Trans
former [ Encoder. R LATER T 4EK H 7k 25 W4 I LB M — TR T BERT EZLEE S
AR LR

1) M7 Transformer /E Y5 FEEHELE, Trabsformer G8 5 )8 4 HE1E £) XY
I 5 A 131

2) {#F T Mask Language Model (MLM) [4F1 Next Sentence Prediction (NSP) ] 4%

55U H b5

3) A SE SR KL SR ISR SE R 2eds, {3 BERT 045 RIE2) T &g, JFH
Google JFJi v BERT %, I/ Al LB LA BERT 19 Word2Vec HREH S 4 I L1
RN 2 QRS .

BERT (WA I /&l il 76 g & B R St 1247 B MR 2 3] 07 1o i) 2 3] — AN if
MIRFER R, BT B 2 o] RARTE A N AR B Fig 7 B 2% > . e LUE R E 1
NLP fE55h, AT LAE A BERT MIRHIEZ RE N ZAESS KRR ARHE. FTEL BERT
PR — M B AT IR 5 ST IR, 128 W] DURRAEAT: 55 S B [8 5 2 5 A N ReAiE
FHAS . BERT (RIS AEA CLEALE Github FJTFVE, fRiR b SOR 248 SRR COFJR .

BERT I/ 4% 2244481 F (192 “Attention is all you need” 1324 (1% 2 Transformer 4544,
Ho KRR s R #7400 RNN T CNN, JEIT Attention HLHIPKAT 27 B B4 Bl )
PRBSHEHRL 1, AR T NLP Ao iR 1) . Transformer ff 2% 42k 1~ ]
iz, Transformer /& —~ encoder-decoder 14544, HAT T AYmidas FIES SRS IER. T
BB A R N mfigge, 1 Multi-Head Attention F1— N4 fefpk, K N BRI 1L
FRRFIE I B o AR > R fhE 3, HAR A i s 5 H LA R C 2T 45 8, H Masked
Multi-Head Attention, Multi-Head Attention LA K& —ANAxiE4E4H e,  FH 1% Hh e Ja 45 SR 4%
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Output
Probabilities

Add & Norm

Feed
Forward

([Add & Norm J~

e Mult-Head

Feed Attention
Forward Nx
Nx Add & Norm
[ Add & Norm

Add & Norm Masked

Multi-Head Multi-Head
Attention Attention

A ) A )

. J |\ —
Positional ® & Paositional
Encoding Encoding

Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

2-5 Transformer HIPRILEZEH

2.8 ERS5EER
2.8.1 &R

PIABR AU, A R ek — > s R, AR AT S &N . EELROL T,
B INFE AR A e B ISR BUSRAR 2y, AER R OU T B2 IBGR A, ey s Wt gt —Fx oy
BN HORMHS i LR H T, g IEAR £ * g(n)ln T

LT
U*wmr=[fﬂﬂﬂn-ﬂm
BHOYR

(Fram =3 frgln—1)

T=—00

M7 3 A GEAT R AR Dy Jext g BRBGIATRIR., A T ERC 1T g
BB AR 0%, RGN “&7 ik, K5 EHE g MECF S n, EXAME
BRI RS B AR, R ARN, XA RGN AR . BARE R A

AR

M- sh— B In—Es->& - s —&m
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ZURESRRIN — RANBIME, MR T ERRE. BRI “E7 . SRR BRI,
M g()ZEK () I RE; R, “&7 A TSR RRAE B, ARICERBIEY R
N7, BAA R Tt A RIS SCT . BRI 7, TRIEBR S INBCRAT. %45
B SR E A L T

D B R IR 2, BAMERIMEIME, 2 02RIE. UUEs o N,
BRI S5 R AU 2 1 ZU A5 5 IR SR A 5%, R 25 A I Z A5 - i [ #
ARFR, HETHEERPIARARRCRE R RGNS, SRR,
HRLEME R LR, H 2R B BRI R SR, X TR R BT A AU 2 .
PrEAid, “R7 ReRES, BEEvOE M RET A SRR (R B 2 A R ATR

I
o

2) BT “&7 GRS BIHHSSREMN —RZR, EHRE TAE A7 IR U4
NZIR. EE SRR, ERE TEMNREER [ R ET R AT “R7, EE 2P
Wst, EARE TAEMANLE M L HEAT R R,

2.8.2 BER

FR AR G R B DR E G AR, ATRLSR LG AAAE CNN gt AL, R B, 3
THEER A ENERES, SR G ECE PRI SR A SR CERENRO 1
KGR i ah, G B R R AL S X B ERUZ _ERSUEASR, 285K B AR e 1)
AEARINAE NG BUZ AP RGBT R AR KA, I B sh se iy R L A

y[1[1]o]o
Q. 1, 1 /K80 4
oxl oxo ]&1 1)1
(0 [0 5] B | & [0
0o|1(1(0]|0
_— Convolved
Feature

2-6 EERREE

Blsie 5 2 SR R S A2 T IR A A 1K, BlInttss MR (5 R . AR S A
JRIE . TIYER SRS X M RO AR IR, RHPIEESFRGEREE A, TR ARLE
WEIE S, AR R RSNG4 8 Ve FOR AT EIRFAE Al e ?
Kot At EIEARAE BB AR A PR Lo 3T R BB, A7 — AR UE A7 AR, XA
RGRREIETRMLE o PP LA, ISR A B AR 45 40 A 5t i) KR 2%, Bl X 7 T 7L 11
BIBTRN . NIRRT 1 AR B of AN S BR TS5 A, A7 2 1) FDe#e1aiX — 17
FEVE SN2, I 5 SCHE =R 5 A SR e,
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2019 4, EHERPENTE GBI L. EAREER . IR THIREANB G K
“AITIME” science debate, 7 ZHAHRHIEI, RIS N TR REM NSRRI PG, #®
RN TRREAUEM AR K . AITIME &2 —H 0 N TRERERE, JA EARE IS A Q1700
Bl . AITIME B1ERBFF PSR, Bi5& AN LA TEGEETR. 8%, 5. NA
(A BT ) AT R 2R, I AR, FT3E oAb R B B AR E I SR AR .

£ “AITIME 47 K “Al TIME in U ZEHEILHE” 3530, 32380105 KGR f Ry PL &
HLas 2= ] SRR ECR B TT TIRARERY, AW 518 e 22 AR Sk 23R B

10



AEFIRE

IREES )00 10 AEHLES 5 2] SUOR R fe PR — AN 433, T HEZE, = HER
(Geoffrey Hinton. Yann Lecun. YoshuaBengio) Kl [F5EE R 3, VR 22 IR & g v]
PLiB I 5] 1958 4F [ ANHL (Perceptron) . 1943 ML M 4 HIAER (A
NeuroScience) , 1958 A 7L iAKI IO HEAA 5K Frank & B T IEEIHL, MiHie— i, &5
K Marvin Minsky (A T.ZGE KT AT Seymour Papert & FILUBAIHLAIBRIG: ASREAL T 58k 1]
FRAEARLAE I, DR I AT B 0 2 DAAR SR R AR 25 D00 24 1) 1) o T BE A5
25 TR FURE A5 1

T 30 ARG e . Bk, B 4 SRR EIKY

Capsule Nets(2017)

| -

BPNN/MLP(1986) —---e AlexNet(2012)

ResNet (2016)

| i computer vision
T / DenseNet(2017)
. VGG(2014)
Relu, ~dropout & bigger s et
'

AutoEncoder (1989/2006) VAE(2013)

Perceptrnn{ 1958)

Neocognitron(1980)
[convolution & pooling]

Hopfield Network(1982)

Denosing Autoencoder(2008)

{recurrent & feedback] RBM(1986/2006) Bt
variational s
\ - ercsser SR vecocer Inference f :
% & . ) ze i)':g o
RNN in Speech b e niver: exda:
RNN/LSTM(1997) T GANT)) GAN(ZGM) i statistical learnin
e stack
o) ' . [
” wﬂ Deep Belief e S
‘ Nets (2006) :@.:. S
‘ DCGAN(2014)
&) % =@' ( WGAN(2017)
e mage PGGAN(2017)
ilisti Tan Goodfel
Neural Probabilistic word2Vec(2013) Google Bra.
Language Model(2003) duep adve 11 -
[ SeqGAN(2017)
{ Seqg2Seq(2014) LeakGAN(2018)
femmmmmmeennim - - 1 Character CHN(2015)
B - Deep Q- e
learning(2013) nnm(,zms; — A3C(2016)
T T eeemenesnn s AlphaGo(2016)
» K ESca
Yoshua Bengio - 5 ¢ *
University of Montreal B- Double DON(2015) — . B H— R
Dup l LLLL g - Dueling Net(2016) bavid silver ,\’/. \ ;P —— Alpha Zero(2017)
DeepMind -*
Reinforcement learning

31 REFIRBZIEETENERHRR

PR /N1 R AR B 2 2 AN R 5 T R et DL A 2«

11
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3.1 ERMEMLE

Geattery Hinton
University of Tarsato

Ccapsule Nets(2017)

i i - Dropconnect 12013)
BPRN/MLP (1986) P omemen
e [ e \“Aledetlznlz)

. ;
Perceptron(1958) H
’ ”K . | LeNet/CNN(1998) .

MeocogRitron(1980)
[eonvolution & pooling)

Prank Rosemblatt
cornall tniversity
paychologist

— nom ums:

Relu, dropout & bigger
Fast R-cuw (2015)

e

Network in ‘
, - \ mny
i . Pre activation/ =
; comstasas 103 poat activation e
,: _ ks o=
i l Incapt fon-Resnet / ResNet (2016)

{Znception(006) s

]

c
L

== o

SENet(2017)

.n‘__‘

P— e Z“:',‘:’, AlphaGdzero(2017)

ind
“** Rminforement lesrning

RNN/LSTM(1997) ——

WasNet.(2017)

3-2 BRMEREHEEHRK

S
ﬂ} P RBM (1986/2006)

Percegptron (1958)

Geoffery Hinton
University of Toronto
deep learning

e
AutoEncoder (1986) Deep Belief

Nets (2006)
s—v{nrrndfr -

sity of Amsterdam
Andrew Ng

del statistical learning
Stanford Ui e m O Lo
g eneRy L M Tan Goodfellow
Variational

Google Brain
AutoEncoder (2013) deep adversarial learning

; GAN ( 2014)
poctic d &

Sparse
*AutoEncoder (2007)

r @:
Dennoising ﬁ]m
AutoEncoder (2011) Convolutional o
Contractive DD utoEncoder (2011)
AutoEncoder (2011) g = 1

* : i LSTM

i | AutoEncoder (2015)

i ,,,,,,,,, Robust ;

AutoEncoder (2014) }
| beta-VAE (2017)
info-VAE (2017)

factorVAE (2018)

adversarial
AutoEncoder (2016)

Yoshua Bengio
University of Montreal
Deep learning

Jiirgen Schmidhuber
1DSIA
Universal AT

3-3 Auto—Encoder FNEEHE
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3.3 TR HEZMLE RNN

Frank Rosenblatt N\
Cornell university <~ Perceptron(1958)
paychologia

. Distributed
representation(1986)

Hopfield Network(1982)
[recurrent & feedback]

Yoshua Bengio
versity of Montreal -
asaing

Neural Probabilistic
Language Model(2003)

Tonas Mikolov

cogle > Facebook
esp learning

Jurgen Schaidhuber / i
081 ; !
Universs) AT 3 i

RNN based language == (Deepualk (2014)

i model(2010) . etwork embedding

. R .
& ¥ iy peaaA : word2Vec(2013)
(2014.9.10) i

attention seq2seq GRU & seq2seq

H (2014.9.1) (2014,6.3) Glove: (2014)
e o count-based word
) embedding

context2vec(2016)
contextualized embedding

“show attend and R
tell”(2015)

g
beep learning

Bytevet (2016) Nal Kalchbrenner |
[convolutio: . deopmind i
\ - - deeplearning 4

ResNet (2016) %’ ! dyn:nl‘;:(ezlre?dinq

Conv Seq2seq (2017)

Transformer
(2017)
Google AI

OpenAI GPT(2018)
S pretraining

BERT(2018)
Jacob Deviin

microsoft -> google Al
Machine Translation

3-4 REFFHLZMILE RNN (BB R

3.4 MERTEISEMZEMLE GNN

Andrew Ng

Stanford University Antoine Bordes
Machine learning aoebo0!
&% ‘ Pacebook

Deep learning

— i
- —— v :
istributed bt TransH(2014)
representation(1986) L= » TransR(2015)
neural tensor TransA(2015)
network(2013)  TransE(2013) TransG(2016)

) ~ Yoshua Bengio

A B Univeraity of Montreal
Ot s T Deep learning
Geoffery Minton Neural Probabilistic RNN based language . ] N '
University of Toronto Language Model(2003) llodel('ZDlﬂ) £ o H
Deep Learning - ) $

context2vec(2016)

H word2vec (2013)
i H Doc2vec(2014) BLBSE2018)
.

OpenAT GPT(2018)
BERT (2018)

Tomas Mikolov

Google —> FPacebook -
Bryan Por e B
Stony Brook University —>google --------- H
Data Mining — o, 3 |
< —— {
JGraph Neural Networks Desphelic(201%) LIE (2015)  Node2vec(2016) University of Montreal |
2005, 200! . Data Ni
(( 2 \ NetMF(2018) ,

Netswr(2019)"

RN

Graph Covolutional Networks

(2014) GeN for semi-supervised  graphSAGE H i
[] classification Inductive { i
5 (2017 (2017) | Graph Attention Wetworki

i self-attention
\ / - (2017) H

Neural Message Passing(2017)

Yann Lecun !
New York University g
Deep Learning

Max Welling

u ¥ Mites Jure Leskoves Jie Tang
peomirpbent St roiey Stanford University Tainghua University
TN Data Mining Data Mining

3-5 ME TR F I SEMEMENERHR
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| N A2 W8]

35 HEF

Atari, AlphaGo/AlphaGo Zero, [ - , 3, A ) N
AlphaZero, b DeepMind OpenAIL |
AlphaFold,
AlphaStar
OpenAl Five
Double DAN "~ ~ ‘ ) detérministic policy gradients

(DPG)

. DN ™ ‘ ‘
prioritized replay \

deep DPG (DDPG)

- Duelling DQN Alot ...
a asynchronous advantage actor-critic
(A3C)
Categorical DN /

A2C

noise DQN ; .
- Rainbow Ape-X

B 3-6 #EEFINERIHR

3.6 HERXHHIMLSE

DBM(2009)

PACGAN(2016)
‘HERRR WGAN(2017)
aaaam ==

B 3-7 ERImMENERLR
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3.7 EE#M

B University of Mlberta Unbdacsisy of Leoben
Thomplan Ilnpl T Fiaba suepesvarci.
T et ; Finiversity of Alberta
design(i933) [ wesiqaeen) —
=] = ‘ Generalized linear bandit(2610)
= :E 1 1-( 1)

‘ . = E[R| A= /( 4.0)
|[Real Bandit In 1as Vedaw) |opy EIEIE mpstion-gredy(1996)

i3 B ! ‘hompso for line

By ba ax h ry(1013)
8 2 /
‘ oY O(L£VT),
e v
(1955) LinuCB. ’
LinUCB on Yahoo! Algor i h (10\ ) S~

'
3 ]
C__,{ News (2010) (X = aspax
I\ s e ‘
{ i SToRy
\ é‘ = hmp supu g
< - 2 Bayesian regre! for
s 0 = e many mode 1 (zou)
“ ’\,
bt 8

Google

3-8 EEHNHWEZHE
3.8 BE#HEZMLg

Pl 22 i 2% RO 1 Ja | Gori 45 AT 2005 44t , I Hi Scarselli 55 At — 0 . X
L6 LR FC LS AR sE R AR P 1 2 JEAA AL AR AR 15 S ORS: > BARTT RN AR R, B3
FIRUEMI B E o ZA R RIFHER R, MR V2SSO T X A, —
fHOLT, B ACR B2 T AT B R 2 S T i

52 B AR EAETH LA B U 3K B R s D R Uah » 1ok H B 1 AR 22 O B HcHE 308 e
XBERMERI . XETER T EBHMZ% (GCND [#iuls. Bruna 55 AT 2013 42t
T RTEGRMN )5 — I E B 7T, A A13E T35 K (spectralgraphtheory) FF& 1 —F &
R R. Hib, FETIEA BRSNS AR P . BTS20 E e A
BAE, I HAEDOIHATED R BICE E, BT [ B AR 2 IR PUs R e o IX 2875 7208
HREEMT RMERE, ERERSH EHITEM . 856 KRR, TR LAE—MtE R
W R AR B B HAT, XA R &R BT BN, T Ve R TR
Z BRI B E ML ZETHECORFRVER IS (GAT) « B D BRI EL K
P B 2 Y 245

Battaglia 25 A {4 F I 5 iy 36 A T2 ST HOAIEE B, HFTESE— HOAESE I T 40
IYEIA L. BRI, AT AL B R Gy, Sk F T AR I VATE A SR B LA
Lee 25 A tHEITE RS AR (— RIS HEAT T H64M M. B0, Zhang SENGRHI T —
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| N A2 W8]

TR T IR BE 2 ST B Wi A, A 2 17 e B A Rl X 2% AT I 2 IR RO RIE T 22, B Y
WEFCBCA — R B2 f 2 BEAT A T (D8, R 5 1 & 7> RIS AR k2 BAG BT AL
PR, PRIt 1 [l W 28 5 AR IR SRR EJE 2 T A ol o 2 AT i 2 [ 2% 17

39 REFINAHERHR

fEI LR, IREESA ST TR N TR BB AR o TR 52 S BOR @ T ia e BT Ok
&, &, NABti, T8, MRENA A s S MR EESUR M R P B, ETIA
M ARR IR — BRI . AN IR L AT — S B e

3.9.1 2018 = KR

® BERT FiAl

BERT [#)4=#5 /& Bidirectional Encoder Representation from Transformers, 72 3& T-7% F& X3 ]
Transformer I TRYIZRAEAY, BEFH T A E B SCEB IR R AR AE. H Google 7 2018
A BERT 7E 11 T nlp AF55 1 BRI 5, BERT iy NLP SR K iy . 5¢ T
BERT HITEAH N 4HES I 2.9 THIN A

® BRI S R (Video-to-Video Synthesis)

FRATIEH XI5 b B 5] S g AU A RS R AT A B2 B HAR A N RIRZ,
B WMINER AR =, R QIR E st U MRk BIFIHARS . —AMREF)
) R - o2 75 AT ASE A B2 2 ST ORI SR X £E 3005 . NVIDIA FIBF TN SR 11X
AN . AT AR TE SRR STUR S HE R (] S LU ThEE, AEFRRE SN I 2. TEFK
FE BRI AT ULHC 7 R, e H Ar 2 18 B 20 @ IR 5 A 43 A0 S RT R Hls S Bl A i) 2% 1484
fio ASEIIX—BAx, AT T —ANEFAERSPING (GAN) HIEAL, 7E GAN HEZEPY
R OGS REAELR , AR Rl I AR LS (1 e, A 56 0 98 TE VA X 4 T SO A s
AT ST — N ) B bR, B TR SEIE B I B A A

® KM% (Graph Network)

DeepMind A Ak R MIT SEHLI 27 (7 /E# & R B 1% 18 3C“ Relational inductive biases,
deep learning, and graph networks ”, &t “EM%%” (Graph network) , 2 i 52 2] 515
ONHEPRAR S & A AR DR L 2 D) TOVE AT R R PR )R . AEF AV G e N TR BE
LIS NZARBARE 001 BAT 55, TS M R AT SR SEILIX — HARR) o8, SEMiXA~H
P R B A2 S A I R Bl ATH B . 118 D000 T B 28 i SCRE SR RHEBEAIZH 502 4K,
NSRRI T AR R P R ) B 2B RE AR

16



3.9.2 2019 = KiHE

® XLNet fE%]

XLNet j& CMU 588 m$E H K45 NLP BB, 78 20 AMTE% _F#E T BERT [
L, FHAE 18 MESS EBUS T YT ESUR, SELEs N Z . BRES R, TR AL
BHER . % F XLNet 3 5 BERT = RIKTEHNHIES W, 2.9 T A&

® MoCo

fArfE BAE L T4 “Momentum Contrast for Unsupervised Visual Representation Learning”
e th TEhEXT L (MoCo) HI T e B AL R 21 o WA ML AR 4R 0T o2 2T 1
FERTE, EEME T — A ASIRIRE 3 T A g & (a0 a5 7 o ARl AT LS A 3K
R H BRI i, e ERT LEPE R B 5221 . MoCo £E ImageNet 732 (138 F 21 i)
TR VRS R . HEENE, MoCo 2] B IR ) M55 . MoCo A LA
JIERLAE PASCAL VOC, COCO A1 At i A b AT B B IO 2000 45455 o R AGr I /4 70 AT:
5%, AN KBS E. XRWEFZ AL, JolBRA B RAL Y- 2] Z [R]85
EACR K BRI,

® DL System 2

Yoshua Bengio 7 NeulPS 2019 |- 4K 1 FROM SYSTEM 1 DEEP LEARNING TO SYSTEM
2 DEEP LEARNING” & TIRE SR BT, 5l T 2Rk, HERENERHR
o AT T IR AR, 1 R AR KL AT IR RS B .
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| rmiezmases
4 RUBER

ICML F1 NeurlPS /& A1#8 2 > 453 i) 5 AN TR 22 AR 28
® ICML

ICML, 4:F% International Conference on Machine Learning, #& i [ PR/l 28 2% > 222> (IMLS)
F AP EENLAS 22 2 E PRI 22

® NeurlPS

NeurlPS, 4:#; Conference and Workshop on Neural Information Processing Systems, &#1
AR E M AR E BRI 22, H NIPS B4 275,

PATIEE T ICML 5 NeurlPS 3T 10 4E R BRAER S, Wk 4-1. K 4-2 Frdlzs, JHAE
SE R RRAR 75 X B S ST TR

& 4-1 ICML ik 10 4E best paper

ICML (International Conference on Machine Learning)

F IR =
Challenging Common Assumptions in the Francesco Locatello, Stefan Bauer, Mario Lucic,
Unsupervised Learning of Disentangled Gunnar R&sch, Sylvain Gelly, Bernhard Schdkopf,
2019 | Representations Olivier Bachem

Rates of Convergence for Sparse Variational David R. Burt, Carl E. Rasmussen, Mark van der
Gaussian Process Regression Wilk

Lydia T. Liu, University of California Berkeley; et

Delayed Impact of Fair Machine Learning al

2018 Obfuscated Gradients Give a False Sense of

Security: Circumventing Defenses to
Adversarial Examples

Anish Athalye, Massachusetts Institute of
Technology; et al.

2017 | Understanding Black-box Predictions via

Influence Eunctions Pang Wei Koh & Percy Liang, Stanford University

Ensuring Rapid Mixing and Low Bias for

Asynchronous Gibbs Sampling Christopher De Sa, Stanford University; et al.

2016 | pixel Recurrent Neural Networks Aaron Van den Oord, Google; et al.

Dueling Network Architectures for Deep

Reinforcement Learning Ziyu Wang, Google; et al.

A Nearly-Linear Time Framework for Graph- | Chinmay Hegde, Massachusetts Institute of

2015 Structured Sparsity Technology; et al.
ggf)'smﬂ?]'gand Adaptive Algorithms for Online Alina Beygelzimer, Yahoo! Research; et al.

2014 | Understanding the Limiting Factors of Topic

Modeling via Posterior Contraction Analysis Jian Tang, Peking University; et al.

Vanishing Component Analysis Roi Livni, The Hebrew University of Jerusalum; et

2013 al.
Fast Semidifferential-based Submodular
Function Optimization

Rishabh lyer, University of Washington; et al.

2012 | Bayesian Posterior Sampling via Stochastic

Gradient Fisher Scoring Sungjin Ahn, University of California Irvine; et al.
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Lret.
R

ICML (International Conference on Machine Learning)

2011 | Computational Rationalization: The Inverse | i waugh, Caregie Mellon University; et al.
Equilibrium Problem
2010 Hilbert Space Embeddings of Hidden Markov Le Song, Carnegie Mellon University; et al.
Models
2009 | Structure preserving embedding Blake Shaw, Tony Jebara, Columbia University
&= 4-2 Neur IPS iff 10 £4E best paper
NeurIPS (Neural Information Processing Systems)
Fr W fE&
Non-delusional Q-learning and Value-iteration Tyler Lu, Dale Schuurmans, Craig Boutilier
Optimal Algorithms for Non-Smooth Distributed | Kevin Scaman, Francis Bach, Sebastien Bubeck,
Optimization in Networks Laurent Massouli€ Yin Tat Lee
2018 | Nearly Tight Sample Complexity Bounds for I . Nauid i
Learning Mixtures of Gaussians via Sample gﬁs_sa;n '?]Shtl'_a.m’ SZ?bBeT\ADﬁV'gI |ck\|(—|ar_ve)|;i
Compression Schemes ristopher Liaw, as Mehrabian, Yaniv Plan
. . . . Tian Qi Chen, Yulia Rubanova, Jesse
Neural Ordinary Differential Equations Bettencourt, David Duvenaud
Safe and Nested Subgame Solving for Imperfect-
Information Games Noam Brown, Tuomas Sandholm
Variance-based Regularization with Convex .
2017 Obijectives Hongseok Namkoong, John Duchi
A Linear-Time Kernel Goodness-of-Fit Test Villlewat Jitlqium, SlpialeSuggelian Sgho,
Kenji Fukumizu, Arthur Gretton
Value Iteration Networks ﬁvn_/ Tam_ar, Yi Wu, Garrett Thomas, Sergey
evine, Pieter Abbeel
Matrix Completion has No Spurious Local
2016 | Minimum Rong Ge, Jason Lee, Tengyu Ma
Adam Roberts, Jesse Engel, Curtis Hawthorne,
Interactive musical improvisation with Magenta lan Simon, Elliot Waite, Sageev Oore, Natasha
Jaques, Cinjon Resnick, Douglas Eck
Competltlye Distribution Estimation: Why is Alon Orlitsky, Ananda Theertha Suresh
2015 Good-Turing Good
Fast Convergence of Regularized Learning in Vasilis Syrgkanis, Alekh Agarwal, Haipeng
Games Luo, Robert Schapire
Asymmetric LSH (ALSH) for sublinear time o . .
2014 Maximum Inner Product Search (MIPS) Anshumali Shrivastava, Ping Li
A* Sampling Chris J. Maddison, Daniel Tarlow, Tom Minka
A Memory Frontier for Complex Synapses Subhaneil Lahiri, Surya Ganguli
Submodular Optimization with Submodular Cover | . .
2013 | and Submodular Knapsack Constraints Rishabh lyer, Jeff Bilmes
Scalable Influence Estimation in Continuous- Nan Du, Le Song, Manuel Gomez-Rodriguez,
Time Diffusion Networks Hongyuan Zha
. P— -
No vood(_)o _here. Learnln_g dlscret_e grz?phlcal Po-Ling Loh, Martin Wainwright
2012 models via inverse covariance estimation

Discriminative Learning of Sum-Product
Networks

Robert Gens, Pedro Domingos

Efficient Inference in Fully Connected CRFs with
Gaussian Edge Potentials

Philipp Kré&nenbthl, Vladlen Koltun
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| rmiezmases

NeurlPS (Neural Information Processing Systems)

Priors Over Recurrent Continuous Time Processes

Ardavan Saeedi, Alexandre Bouchard-C&e

2011
Fast and Accurate K-means for Large Datasets Michael Shindler, Alex Wong, Adam Meyerson
Constructlor) of dependent dirichlet Processes Dahua Lin, Eric Grimson, John Fisher
2010 based on Poisson Processes
A Theory of Multiclass Boosting Indraneel Mukherje, Robert E Schapire
An LP View of the M-Best MAP Problem Menachem Fromer, Amir Globerson
2009

Fast Subtree Kernels on Graphs

Nino Shervashidze, Karsten Borgwardt
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5 ANFTHE

AR EE AMiner KEHE T S 1298188 2 21 AU T 2% 22 R 23 ICML. NeurlPS i 10 &
I8, B SCH TE EE R, Mk h-index HE4 B2 R (19 2000 {57 4T BR 53
ST T B DAL, NG T SR ZAIRE P AN 42 R HTE R

51 FHEHFRMHE

® EERAA A

P TR R WU A DL, TR T A E A T S X e g B
DUCNEEL, N DL ) U e Bk A At

o
@ = =l
o
= @ O
D & az @ . 57 4
A R e X W o
@ 5 Qg R el 0. & &
9 ° o (-]
. - Yo
= Vo
@
-
2

5-1 HBRFIFEHEKFEN

b PR 273 4 T ER LA AT B AT 20, P B MR R AR . MiZ
BIRT LA H, S5 I A S0 @ A2 HL 3 B A R PRI R R PR AT 3 2 1A
Aoy WA F A0 T FRIE AR S H i X HARE ik, SN a5 X 1 2
FEF D WA ISR AN A A 5 S X R . 5 B Kk — 8. eah, 7EME
SELBI T T, HLas sS4 S 223 G T 89.8%, s b 10.2%, Bk Sz
[T R et e

® h-index 73 AH

WLgs 2 2] 25 1 h-index 23 AG a0 R B RN, K45 1 h-index #B7E 30 LA_L, HH h-
index /T 30 I AE R %, A 591 N, 5t 29.1%.
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5-2 HlEEFEITEFE h-index 57

® HEAA I
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. f;,/;' Dy
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Caiar
5 o A =
\bQ \Iil'\d )
gl Nguyen Xuan Vinh
wass
\ s
DRAT %
Rk o Vi )
@

5-3 HBRFIFEHEFEN
e T 5 A B NS 5 S U At BB R o JEa BRI DUA B, BUHEX AR
KGRI NA B R %, HUUR K EAMBR = A, AT, WRBX A BONEZ,
XA 5 X AL R MGG A TE R Fo [RIN, JE W A [ 32 B 5 ) 24 2 B 1
Ol FFalRE HEh. REI A E AL, EENLSS Y O E B .
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E

5 At B SXAEHLAS 7 ST B B VRIS DL T BURE AMliner £t & 0 #4521, @i 4eit
WICHEH AL B, SRR M BN E 5 b, dE i geit b [ 5 % J 2 18] A 18 S0
B, HERS eSO RBE N ENREET THF, W N RIR.

® 51 HRFINEPESEEAELERL

FF5 AEER W 5% F5 F% REIZEE S
1 -2 511 26694 52 819
2 o -2 ] 44 1398 32 73
3 r [ - 36 1189 33 56
4 Hh [ R 31 744 24 42
5 o [ - E1 22 1123 51 19
6 o - 17 419 25 39
7 Hh [ -Fti £ 11 233 21 22
8 R ES R 6 93 16 10
9 Hp [E - 2 R 4 82 21 3
10 o - LA 4] 3 23 8 6

MEREIEFTLLE L, PREERRCE. 5% Py . AHEBuEEN L, &
WY rh SRR 52 ST WU G VR 2 & Ul M3 I, B SR & AEIER ) iz, /i 10
VAR ARPRAEIESL S 4%, HESHESEME CRERA R R, HE 75
WRIRAEANEE =, WIE SR R B e &R Ik B 1 8= KT

52 KRMEFEEN

£ h-index DL OSSN 44 FE SRR, FATWCARRERE 1 [ A SMIL &7 > U s /KT
e, Hodr, EPRMCEM A I: Michael 1. Jordan. Yann Lecun. Geoffrey E. Hinton. Yoshua
Bengio. Andrew Y Ng. Jurgen Schmidhuber. Fei-Fei Li. Daphne Koller. John D. Lafferty.
Peter L. Bartlett. Michael Collins. lan Goodfellow. David Sliver. Zoubin Ghahramani. David
J.C. MacKay. Christopher Bishop. Tony Jebara. Max Welling £&; [P W1: k4K
JHERE M RE. GUK. o, JEAR. XS FilghE, Rk, BOON. Bm. £
SEI TR PG MR REE . T T AR [ Y AL GRS ST SR A 2 AT T A
@, HAnklE. A, RTRERE, RATSIA2E AGE -2, WHHR, &
5 AMiner 4@ Bt 5, B Bk https://www.aminer.cn/3REUE £ %8} .
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5.2.1 EFMAREEE

® Michael I. Jordan

% Research Inferests

@ Graphical Model Mixture Model @ Machine Learning
Hidden Markov Model @ Kernel Method

. A g

1970 1980 1890 2000 2010 2018

Michael I. Jordan, &M=kt (EEEZFER. EEERX TER. ZEZRERRE)
Bk, BLER2ESIZRE, BB N N LRI “RE " 2—, A FRENL Y > sk =
AMP Lab Bt% 4T, IEEE Fellow, ACM Fellow. Michael I. Jordan &3 BRI, ik
AR LRER WHENR MG R HEER, Pl Gk LR Rt 5t
o RN 2% 2 SO E N2 —, I BLAE 2016 -4 Semantic Scholar #/ At 7t FiA
SO SRR . ARt AMiner YRS 2 > B BN )23

fib F+ 1985 AR AFIIAAE JE MK 7 S Y & 3 1 18 247 . [ 1988 4 2 1998 48, Michael
I. Jordan fEJfRE B L A Re 2%, ABRIBTFR T A4S 1 it dss. goitos, ARIERR: DU AAFt
o MR, ABRIRTROGEEE A WU E S 80 SRR IR L BT R BOTE. A
HIE RS BREF A, (5 TSNS T8 AL 2255 W U A b o TR 27 ST 4 ALl
Yoshua Bengio, D12 > S5 5 Zoubin Ghahramani A2 /i & B i R 27 58 52 BUIASE AT
P e 3

B SRAF AR 2 2T, 1F 2016 4F 3RS 1ICAI W 5T 522 (1JCAI Research Excellence Award ),
2015 4£3kf3 7 David E. Rumelhart %%, 2009 4F3k1% 7 ACM/AAAI Allen Newell %%, 2004 4
13 ICML I fE2 A 2. AR, fiié AAALL ACM. ASA. CSS. IEEE. IMS. ISBA flI
SIAM .17 .

CHC A [ BACRR A 2 A 21 I Se BE GRS )

522 BARRMEFEE
® kil
|#s Research Interests
@ Support Vector Machine Image Retrieval @ Neural Network
Learning Artificial Intelligence @ Feature Extraction
‘ -
1983 1990 2000 2010 2018
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NAR

Wik, BB, WK SR SHAR REUT, WK A TE RO
Bk

sk Ek T 1958 FEEEML TR K S B shiE il &, R E S Mt B shiE Lk Bk . 1995
Al 230k e ERFERE B A

I F A S HIEG S RAM T, 1979 FHETHENRE SEARM . WFATL
REFE . NTAZERIZE . SRS, B AVNE S BRI I DARAE BaR PR B ] TR

PO HRTRE . B RENLAS NS R AE 2] 55 AUk ) L A BRI T

£

Al o N T B DR AT S 2 SR AR I R B, SR 1 R R SR A I 7
AAEE, MR T AR IR . e WA B, 2 SBR[, 7R
Senfi EPR gt R A IR R G, T RN s R IR AN 5 SR R R R, X T
THE B R SREURIEIRA B B3R T AT AU E IR AL, e PRI BRI AL R4 & Rk
SRR, RIS TR A R BRI RS 5.

SRR [F) 30 ) 2 B 1 R PN e S e N 8 R ORI 2 3 S JF ORI AR T T E e
Ko

FE 27 AW FC b ) T ZE TR S 18 7 2 SR AR 1 2 () BAE , sl B 7%, RGi
Ff R T AN RS R AR 2 A1 1) SR . A ME AT AN E IR (B 2 5 B S R HERE L
HSE R B MOk R o 16 DIRBIR R b, ik — P T guih A R R A, T4
{1072 )RR 77 92 DA B ik 1Ok R RE R PR N [ R R B0 58, IROR AR 1 B, B L)
R B3 (R RN D) A 7 AE N TR RIS T 7 AR,
BECRRT 1992 4E H1 Elsevier Science Publishers B.V.(Nortn-Holland) H i, 1 SCRER B X #%&
MUK ()RS IR AL 5 2 R L 25 R 554 . ORI+ %X Ronald Walts 7E 1T 51L& The
Australian Computer Journal (1995) X} {[al @R AREE S (FEChO MPFRR “iX2
—HAEE A AU IR F AR o 2% Harold S.Stone ATy, TKIREAESE TR KA AE
RETTH M TAE, & “Bal JUE T E2#E ERIRA 8 Tt ” R — A R EOR
ROV I HTHERE 177 .

fAEE gAML R RIR T 100 5, TREFR (RBORAEHG M) (R B
Jo AN TARE M ER SN D) 45

fihF 1994 4F ik AR W7 AR BL =B A FERE 125 1995 4F i Ay B AR e 2011
AR E AR KA T F AR 2218 1. 2015 4 1 H 31 Hik4Ek 3k 2014 CCF 4 & it % .

A SATIRAE . BRBARE RGEE R E ALK =B L. KRR RSB . FER
FHEARZGEARZ R TAE; PE B 2SS N2 @ AR L RE R Lk
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PSS P2
WERIFAR; GHEVLZERD) 8 E %9 EREHEAR “863” 11HIF sedles N 38 FK4H ik i
TR B 2R AR B s tHEANLEAR TR A2 AT

CHAth [ AR R M 2235 280 W5 B Rl )
5.3 NeurlPS +EE5|3¥E

A H, NeurlPS 2019 7E & K B A E A PR 1 LA 5 2] Sl B 2 TH 2%,
NeurlPS — EH A F RSB JJFIHE4, WA RMETH B2 —. BEIL)L
TR PESE SIS, NeurlPS AMYBCA T AR FIH A, WElE 7 T AR, it
NENEERT U NPT BISAERE TN . AR4E AMiner #dEF G158 1H0 47, NeurlPS
1) H5 845004 149, 10H fH74 34641, 7E N TR AT MW HEAEE — . @i % NeurlPS it
TAEROR ST R a4, AL T NeurlPS 5] %3 TOP100 5 5.

% 5-2 Neur IPS 55|53 TOP100

e 4 LK A SMEIHE
1 Ilya Sutskever OpenAl 67457
2 Geoffrey E. Hinton EZ eI 47482
3 Alex Krizhevsky Google 44218
4 Yoshua Bengio SRR IR KA 18714
5 Greg Corrado Google 17218
6 Jeffrey Dean Google 17218
7 Kai Chen Google 16139
8 Tomas Mikolov Facebook 15166
9 lan Goodfellow Apple 13480
10 Kaiming He Facebook Al 12605
11 Jian Sun WAL 12601
12 Aaron Courville SERFRI R KA 12407
13 Ross B. Girshick Facebook Al 11495
14 Shaoging Ren Momenta 11093
15 Mehdi Mirza DeepMind 10713
16 Jean Pouget-Abadie Google 10618
17 Bing Xu ZiT=S il N 10618
18 David Warde-Farley DeepMind 10618
19 Sherjil Ozair SRR KA 10618
20 Quoc V. Le Google 10180
21 Oriol Vinyals DeepMind 9663
22 Andrew Y. Ng A AR R 2 6632
23 Andrew Zisserman AR 5570
24 Koray Kavukcuoglu DeepMind 5223
25 Karen Simonyan DeepMind 4883
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NATE P
26 Ruslan Salakhutdinov FR A 4456
27 Antonio Torralba JRAE B T 2B 4249
28 Ryan P. Adams BTN TN 4116
29 Francis Bach R E KGR S BT s 3350
30 Xi Chen ALK 3257
31 Honglak Lee Google Brain 3248
32 David M. Blei BHE ELIE K2 3191
33 Lukasz Kaiser Google Al 3146
34 Jason Yosinski Uber A T8 RESEIR = 3042
35 Hugo Larochelle Google Brain 2992
36 Jeff Clune Uber A TH SRS 2989
37 Tong Zhang HURF 2889
38 Marc' Aurelio Ranzato Facebook Al 2844
39 Hod Lipson BHME L k2 2802
40 Pieter Abbeel TP R ZEAA SR 4382 2761
41 Jasper Snoek Google Brain 2734
42 Jakob Uszkoreit Google 2710
43 Wojciech Zaremba OpenAl 2669
44 Yann LeCun Facebook 2616
45 Tim Salimans OpenAl 2566
46 Pradeep D. Ravikumar LB N 2541
47 Jason Weston Facebook 2539
48 Rob Fergus ZIEANEZ 2441
49 Michael 1. Jordan TP R ZEA e R 432 2427
50 Samy Bengio Google 2354
51 Richard Socher Salesforce 2332
52 Eric Poe Xing P EE R K A 2303
53 Christopher D. Manning iR RN 2248
54 Martin J. Wainwright BRI IR &8 5 R 43 AL 2176
55 Aude Oliva 2 N e e e 2113
56 Jurgen Schmidhuber SR E TR 2082
57 Jianxiong Xiao AR ET O 2  EALRL R 2079
58 Rajat Monga Google 2052
59 Matthieu Devin Google 2052
60 Mark Z. Mao Google 2052
61 Andrew Senior AL K2 2B 2052
62 Paul A. Tucker JER 2RISR 2052
63 Ke Yang AR K 2052
64 Bolei Zhou A SORE 1914
65 Agata Lapedriza VEPETT ELEE R TR VR KA 1914
66 Richard  Zemel EZ (P PN 1897
67 Nathan Srebro FH T REZINE 5K 1848
68 Vladlen Koltun Intel Labs 1829
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69 Inderjit S. Dhillon 7 5 5 RS BT 0 A% 1826
70 Razvan Pascanu INEERFERFR R K 1811
71 Alexander J Smola V. Hyih 1754
72 Benjamin Recht TR IR 248 v R A% 1719
73 Antoine Bordes Facebook 1689
74 Nicolas Usunier Facebook 1631
75 Joshua B. Tenenbaum R T 2B 1628
76 Kyunghyun Cho ALK 1626
77 Hao Su TIPH R 2 2 3 F 43 4% 1589
78 Jure Leskovec AR K 1569
79 Faruk Ahmed IR ZEAR e R 4342 1554
80 Vincent Dumoulin Google 1554
81 Jifeng Dai [ERZEE s 1508
82 Philipp Krahenbuhl WA AR K2 1503
83 Trevor Darrell IR ZAA e R 2318 1499
84 John Schulman OpenAl 1488
85 Yan Duan PIE YN LETVNC AP R T W 1470
86 Chong Wang TR SR 1439
87 Volodymyr Mnih DeepMind 1428
88 Song Han R B 24 B 1427
89 William J. Dally WA AR KA 1427
90 Prateek Jain TR A 7L B 1413
91 Stephen J. Wright B R K A 1412
92 Sewoong Oh B B P R ZE R 1409
93 Xiaoou Tang BRSO 1405
94 Dit-Yan Yeung HHERHL R 1400
95 John Wright BHME L A2 1374
96 Arvind Ganesh PRI R 2B IR 1374
97 Shankar Rao G N PN iR 1374
98 Yigang Peng AR 1374
99 Yi Ma TN R EAAR e R 73 4L 1374
100 Rein Houthooft IRTTR 1359

NHEAR R TOP10 =& M/, Hrh Geoffrey E. Hinton.

Goodfellow T Lt 4T T AdH, ATAHER.

llya Sutskever

B & Research Interests

@ Fixed Point

2006 2008

Probabilistic Model

Boltzmann Machine
@ Long-term Dependencies

N

2010

Belief Network

2012 2014 2015
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llya Sutskever, H Hi4HAF OpenAl [ E RS AR FE 5 2 Uil 1 L= Kot
ko M2 B 2% AlexNet (IS4G N . 15 Oriol Vinyals 1 Quoc Le —jt2 & ] T M
A B 7 F 5 2] 77k . Sutskever /& AlphaGo 1 TensorFlow 3[Rl & BH A .

34T T 240 2 R ENUR: R AT BB 2 S A A 22 4. 2012 SRS,
Sutskever 7& i H AR K= EREE Andrew Ng i TN H I LG . SAEMMEIRI 2462 K2, N
T R ET A 75 A W) DNNResearch, 1% & IR 78 /N H 1 — AN 90 3. D9 A e A 3ide 17
DNNResearch, FfH2i% Sutskever A4k Brain [IWF 7RI 5. BRI Y, Sutskever 5
Oriol Vinyals A1 Quoc Le —i2 8% 75251 K5 > 5k, 2015 4, Sutskever 4 R4 2
TR HORVFRIE N 35 LA 35 HZEIH# . 2015 I, MESITAH, MO AL
OpenAl B 7 AT i T K: - Sutskever & NVIDIA NTECH 2018 1 Al Frontiers Conference 2018 [
F Y

(HAth TOP10 “£35 A 43315 W52 B R g i)
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6 NRAR

PLE 2 R N BERT U R DN, BRI Bl X N TR BERI &2, BEEDLE:
FREINIIESEMBRI AR, MR 2, IEFEREATE 2N 5 Rt
Ha B ERMEST . $liG . THESTW S EENEF RS, JEIT LB R L
R o AR @NLaS A I BAT PRI, b, HLES o2 SRR AR AT 5 BLRAE Al
o R LR SE B R S R — DA e

6.1 ER{TIMA

® VEALI

A FH ML 2 ST REATIRVEARS I I, SEice 1 S Mt s B 0 B = A AS R i, 2R )5
RS PR 2 SRR AT IS5, DATRRVERE R o fieJim AT, SO AetE S RO VR
SR GO SAEGUS A EL, SXAMRVEAS N7 i i F B TR)BE Do H AT AL AR 7 2T i B
FEIRARAN, SIRAE T A IY], T L E A8 J LR A E 2 R, AT I HE R 2R IR VEAT N

® BRI

94, BERTTIH IR OOV R RE A, H5, WRAS T B Ea (E )y sUR 2 it
%, BT W AES NAE. BEE LA ST, R T AR AR AR = ] 5L, XL AR
AFE A AR DL, s ek MaiRsE, Meqir o, FRERAR R
DA KRR JE AT T LR

® UL (Treasury) /& /KA (CRM) /T35 %) (Spot Transactions)
FIRFREH (CRM) FE/NIARAT WL 5 120 R BT, (HAEERAT PR I 5 2
[ EIEAT AMEH . RN B A B =i, e, BIR. #HAc 5 (Swaps) i
5 (Forwards) DAK B NE EHBLFIAL S (Spots) o £k B8 b f gl A ik e = i (1) 5 24 %
B B RE. g 5E5 T N GERICRE R, ZXHRAT R UL LT 2 — AN Eim A

®  IIRHLAS AR NI 55 B PR

IR HUER N R UAE 0 S5 iR, o ANV 55455, T BABREAIT 32, SRR #5051 2
HTZEH B T R WSS HLas AL R DB R ) R ITE Fe i loB s Z e =, B4 T
Hil. —XK4N Kasisto fJ 7] IR LSS N EEALBE S Fhge g R, g Pl fn . FLIK
SCEAF AW WAL AR SR WA RIEEIE. B SR LR RSP,
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6.2 BER

ReR G N AME RS I BR AT Bl e, A LIPS 2 3 RIS DL, BEAT BB 502, #WEH
FINLER 2] AV BB ER BSOS IR EE S ik, W5, FRAF O 2R AN
2] AR R AR R TT 5o IRAET Y ECU (R THEHIHI0) CABed 1 IRRES BB, 4
a7 78 7 A FAHLES 5 21 SE BB KT 55, AR A5 R HLEE . JELE NN BRI 2 I AIME IR
PRHATRLEY, UL VPAE S B R 00 HEAT BRI 52K X R IR BB RO RIA, FiA
TR LB R -

TG BBRFRGHNEATIN AL, LR & R gt PSR IUdE . 280617,
RAGEG BB GRAERI, ARIICFITPIER . I8N, R 2% 5
T S AP BARB UL 5 81 . MRS OV AR I B AN B SR . e TP X 31
FET 222 175 3

1EH BB E b, Hlas s S FER— A EEAESS R RREE e B AR EE, DAL T w]
RERAERIARM . XEAL AT LA NS TAESS: Hbnkadll. HARiRnlein 2k, Hirgfs. id
Ry

WL 8% 2 ST G0 TT DASRT Bt 200 4 2. P e B S SRR L st S ARk ] ) 4
o BT RLFIF —8pL 382 =) BE R e B A LAE I FAT 5. Biltn, TRV SRR F T4 id e
TR B T TR el 5 e 1 R

Reinforcement Learning Framework

‘ OBSERVATIONS

System Environment

ACTIONS

& 61 BB BMFIRA. ST
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6.3 f@RAMEST

N T A TN TR BEAIAL & o 1R W] A2 By ORAAT M, Bl i — S BAR SR A,
I HIX LG ] A e B I e fi iR A S AN B

® R A JE T B R A DL

PG IR (Pattern) RIVAE N THEBE ARG T iREA M — 5, WHFEAN AL IE
NN TR RER B FE x 6, VRMEAZIN o XA T DL s Z JBUH 22 5 G RAT
b DX SRAT 2R s A AT VA B

® FiaITIRMZE NG AN (PTSD) AN T fE

BN G 5 TR 5 1BM Watson SR FI N B GERI T HoR, ABIREE £ &
A B Ja R R AT R AR N BENS 5E O BT o [ HTX S EOR, fhATT i 5 i MASE] 10%
EFHF] 73%. AR NF SIS, 80% 1) EA QI 5 MRS IR NAEF 12 )5
—ENERIAIT IR, REREE . £ 300 IR E AR R g e b, KA Ty — B
I 5 RIS o

® il fixi th ifn

DL EE ST $5 AR A 7] MedyMatch #1 IBM Watson Health [E7Ef AN T8 GE, @i A
PPN LRI, 5 BEE e S % R B AE A RR YT RURI LA . AL RS AR R
2277 (clinical insight) \ VREES: 2] S EAAIBLEAL 00K H ShFR 1008 R A i, DAEERE
E TR

o UL B AR I T BR A4 I [h]

ATEOM BB T AR ALEAE AT L2 RO, 165 B SO S A A I 1 A
TR T RE B AN BT Lk N AT I Pl A 4k 77 A R AE B3 vh 5 10 S AT 55 AR AT &
EBFPHEIES . XU TAE T 17% A TR [EFT 519% 033 i L TR 1) .
® AR IR SRR

BUAE, N RN A R 75 B2 ph I 8], ol nl AR 1 A 2N 75 35 kA2 W i
IRUHFBR T, HETZILH) 82%, 1) HIXFHERNAIEAE AW . N TR RERGE AT AL BE
) Z (ARSI RE AR BRACIA DL A3 44 1A AR AT i+ AR B T 10 5 (R ok DU B R
AN FE AR o T I 25 PR 200 T N SR Aok Ut AR Al i FE e oA U, (BN T e AR
GL A BERE HEAT B UATAT AL I 0

® LM
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FH A A2 W ) 4% G 7 i FE THE LB 244 (CT) « BEL R (MRD | &
PR X B4R, AR, VF2 R T 0E I X S AR A B R W v 2T, AT A S M A
ROy o 51 5 DR P 1 A3 AT — R B AR 7 7, (R IX TR AR T ZE AR 2/, BRAEIX 0
FRT LA Al B, BIECABAEY, BHEE AN TR SkE RS 21 Z4%
DA INTIE I B JOR A A= 1 1 A — A 280 A MG ks DNV 7E 17 5 B9 - Startup Enlitic 1E7E
A PR BE 5 ) SRR CT MG Hh i it 45715, B0 FUAE y— AN BB A (¥ SR A= 1
HERA 2 5 50%.

o HlLEs NGB FA

P ST LS AT AR T A7 I BB . Al-enabled HLES A $
R DL S S R PR K 1 B AR B A R B ke 1 R R P15 Bk
AU SRRSO 02 b, AR A 50, A TR RENL S A BRI 5 ik T 21%
fry b B 123,

6.4 FE

IDC Fl| 4% Ivano Ortis it 7 3 1AM “ N T BERHE 2 21— A4S0 AT
Ik SO BTG, XOLBE 7R REERAAT . N TR R AT DL
ey EENEAETITARA IR RE, 3G R AR 7 g0 B F SR ELI , wTHESh %
JURR”

ST AT AL 5T MR J, (R 50 BIN T8 AL A 2 5 R AT e 45 7
BORHO TR, JUAE, THSEHUAT A, 00T A T AR B AT 2], B LY
HOHERE R —MLEERDE, TR T IRR AR . I A 7 RS YT TR . O
PR ARAFIAEALZ P A I AR R — MR

44

Bk OIS BN TR REANL AR 2T AR 1, il
FE T AR B LA 7 S 45 S W BAOR TN 5K, DCA R I e 55 s 23 T4 4H

4

o HEFIEABAGSABR AR, RIS BB (T A R TR H i e
i 28 S e £ B B I B R

o RERITT DA I HERAGE K A AR (8], DA T AR A S50 T AR I BN R R R, SR A i
AT 53 JEAN B S T AT SR RSB E i AN 5 R e K AK

o RGHEAT LB TR O RS, RN R AT B AR ROR
o RRHBERRGRT UL N R BRI 5 S i R IR S
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| Armaezmamss
o SREEESIUR SRS B, BB, BE e KRS,
(RAIEEE

o JEAR AT BLR R R I R B T 2], MRAE S A PR A R, 52
PR E I R/ RF ) &) .

WS 5% 53] DASS Bk HEZh A v AR T & M o 455 4% 7 — A2 A mEH
(. SERERI M G, R SO T 2w RE DA 5k S T 2 SRR

6.5 &l
583K 4k, BEEPIEC IR, HE A AT DA 22 B A PR R S I T A%
R AN R ) AR P U

SR, XS IR BITE A . BEE NE 2 RGN Z SN AR, B ot
LR T IR LIRSS o AL 7 ST A A3 b 1 85 K L PR A 5 A

Wi, 12030 4, ARRIGHOK TR T RIS IR 40%. JyDhh & oMl Seplie
AR bR 2% K A8 24 7] Ecolab (B4 IEiid 614% Azure il Dynamics CRM
Online 75 YU 2 T £ HEB 4 BR Aol S P 32 5

5 AREMH LT THE RS AE N =7 & EUER L R KBS, Hd i AL o > M b g
ST AER S A KIS B RO TT 58, AR R R, I BEFRAR K  REJRIE FE SIS B AR
SRR /T Dl ATl — 2t 2k, ARG A 2 PSR a5
RIS SR SN IR AT SR L o
BEAt, AL ST R HES) Tolk H S LRSI, B IR  EANBm iok : ), JRRe
FERARACZE P R, BRARAE 7 A, InbRAE R 4, AT =49 48 N 0 M et 0 I 1) oA A 5t
E A,
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7 HEBRE

SURFEEAR W 2GS (http:/itrend.aminer.cn) 7] LLIEF AMiner i 2 25518 S I E a3k
ITRNIZH R, WEAES . E & V@S R mH B ST AT 2. Hldsss>iet—
12 AURAE SCERL, WTER I G BIRR. T, FUEEREEIRE LR
TE N ARl b, WF 70 R A2 B T1/4518 Journal of Machine Learning Research.
Machine Learning. International Conference on Machine Learning. Conference and Workshop

on Neural Information Processing Systems i/t 20 £ {1 3 .
® HIREH

BAREHEDH T E IR SRGHR PR 7 HEARK I, T e, w]
A BIAIT 78N 53 B AR TSR T 50 D SEABIDIR  DRd AR T 7 R i v A s el L B rhisg S Bty
T — MR, KRR AL FENRNE, 5EFEZEE IR R R IEM R, B
S b IR AT s BMIREEAT HE PP o 385 BAGEE 3573 mT LRI 24 i 122 S0 R B 146
@ Top10 /&: Neural Network. Machine Learning. Deep Neural Networks. Deep Learning.
Support Vector Machine. Reinforcement Learning. Feature Selection. Deci Tree. Data Mining.

Artificial Neural Network.

2000 2002 2004 2006 2008 2010 2012 2014 2016 2018
N "Y
-y
, / Supp
N\
-
-  H
«

7-1 HlBRFIRAREE

AR F AT ERATOT LR B, 124008 24 B B4 135 /& Neural Network, M 425
HPEERE, Neural Network — BELOREFE B & HI1E B, 2002-2006 253 (8] (R 4577 fix o R 44
BT 2018 £EE BAE 1 .

(E P BB S s &7 o il I sg B )
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8 HWiRR

AT AR A 1 HLAR S S WU A T B, A B RS B A ACE A T LA
E PR, RO RS A T .

8.1 FiFEHKH

1) REES IHEZE Pytorch
https://github.com/pytorch/pytorch

2) VRPES: S HESE Tensorflow
https://github.com/tensorflow/tensorflow

3) ML~ scikit-learn
https://github.com/scikit-learn/scikit-learn

4) EIRIET A FN R BIRAT ) Transformer F
https://github.com/huggingface/transformers
5) HARTES ALFE TV 5% spaCy
https://github.com/explosion/spaCy

6) HARIE S kb Toolkit NLTK
https://github.com/nltk/nltk

7) HARIEF AL A Gensim
https://github.com/RaRe-Technologies/gensim
8) ETHH % NetworkX
https://github.com/networkx/networkx

9) XGBoost
https://github.com/dmlc/xgboost

10) ¥RPEZ*#>] FastAl

https://github.com/fastai/fastai
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8.2 FHilZk

1) Glove
https://nlp.stanford.edu/projects/glove/

2) FastText

https://fasttext.cc/

3) MUSE
https://github.com/facebookresearch/MUSE
4) ELMo

https://allennlp.org/elmo

5) BERT
https://github.com/google-research/bert

6) XLNet
https://github.com/zihangdai/xInet

7) XLM
https://github.com/facebookresearch/XLM
8) OpenAl-GPT2
https://github.com/openai/gpt-2-output-dataset
9) ResNet, VGG
https://keras.io/applications/

10) YOLOv2

https://github.com/experiencor/keras-yolo2
8.3 iRiE

1) stanford cs231n ML
http://cs231n.stanford.edu/

2) FastAl ML
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https://www.fast.ai/2018/09/26/ml-launch/

3) OpenAl RL

https://gym.openai.com/

4) stanford cs234 RL
https://web.stanford.edu/class/cs234/index.html

5) CMU 10701 ML
https://www.cs.cmu.edu/~lwehbe/10701_S19/

6) CMU 11747 NN4NLP
http://www.phontron.com/class/nn4nlp2019/description.html
7) Coursera ML
https://www.coursera.org/learn/machine-learning

8) edX

https://www.edx.org/course/machine-learning

9) udacity
https://www.udacity.com/course/intro-to-machine-learning-nanodegree--nd229
10) deeplearning.ai

https://www.coursera.org/specializations/deep-learning

8.4 HIEE

1) [CV] ImageNet

http://www.image-net.org/

2) [CV] CoCo

http://cocodataset.org/

3) [CV] PASCAL VOC
http://host.robots.ox.ac.uk/pascal/\VVOC/index.html

4) MNIST
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http://yann.lecun.com/exdb/mnist/

5) [NLP] GLUE
https://gluebenchmark.com/

6) [NLP] XNLI
https://github.com/facebookresearch/XNLI
7) [Recommendation] MovieLens
https://grouplens.org/datasets/movielens/
8) [NLP] WikiText
https://blog.einstein.ai/the-wikitext-long-term-dependency-language-modeling-dataset/
9) [NLP] SQUAD
https://rajpurkar.github.io/SQUAD-explorer/
10) [CV] CIFAR

https://www.cs.toronto.edu/~kriz/cifar.html

8.5 9 #Hl=%% MR

AAR A AT IR AR ST AU = A RIS, 2R ARG R, S5 A RN
EHEROREERE AL 5 21 NGRS, VEAIEERE TR R https://www.aminer.cn/data T 2k J5i 46
Bl % T A 3 M EAR RIS SORAEN R BR M, B vT LAgE— 25 58 38 , WOl st # P4 I,
BATEMRIEARIE 328 10 S 45 W 7 . Machine learning ) — 24> 25614% Machine learning
theory. Learning paradigms L /% Machine learning approaches, ‘&A1 1R E R T0R :

o The curse of dimensionality
o Structural risk minimization
o Empirical risk minimization (ERM)
o Regret bounds
o Generalization error
o Inductive bias
o Complexity
o Generalization bounds
Model evaluation and selection-o o Variance
o VC-dimension
o Inductive inference
o Probably approximately correct (PAC)
o Online learning theory
o Cross-validation
o Meodel selection
o No free lunch theorem
o Hypothesis testing

Machine learning theory o o Hyperparameter optimization

o Batch learning

o Online learning settings

o Learning from demeonstrations

o Learning from critiques

o Learning from implicit feedback
o Active learning settings

o Semi-supervised learning settings

Model Setting o

o Overfitting
Model fitting o o Underfitting
o Optimization method
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AT HLE 2]

Supervised learning o

Unsupervised learing-o

. Re'\ngjr(ement learning o
Learning paradigms o

Adversarial learning o

Multi-task learning-o
Online machine learning o

Ensemble methods o
Spectral methods o
Discriminative Model-o
Generative Model o

representation learning o

Supervised learning by regression o

Supervised learning by classification o

Graphical models.o

Clustering.o

Machine learning approaches o
Markov decision processes o

Multi-arm bandits o

Neural netwarks o

Ensemble methods o

Feature selectiono

Bio-inspired approaches'o

© Learning To Rank ) .

o Supervised learning by classification
o Supervised learning by regression
o Structured outputs”

o Cost-sensitive learning

o Clustering

0 Mixture modeling

o Topic modeling

o Source separafion

© Motif discovery

o Dimensionality reduction
o manifold learning

o Reward technique

© Multi-arm bandits

© Markov decision processes

o Gittins Index | )

o Sequential decision making

o Inverse reinforcement learning

o ﬁ{)pr_enticeship_ learning )

o Multi-agent reinforcement learning
o Robot Control, |

o Trajectory Optimization

o Transfer learning .
o Lifelong machine learning
0 Learning under covariate shift

o Boosting
© Bagging

° Ba;res'l@n concept learning
o beta-binomial model
o Dirichlet-multinomial medel

o Sparse coding
o dictionary learning

© Linear regression

o Logistic regression

o K-nearest neighbors

o Decision tree classifier

o Kernel methods

© Gaussian models

o Logical and relational learning
o Factorization methods

© Rule learnin

o Instance-based learning

o Directed graphical model (Bayes nets)

© Mixture models

@ Undirected graphical medel (Markov random fields)
© Learning in probabilistic graphical models

o structure learning

o Inference

o Dirichlet process mixture models
© Gaussian processes

o Affinity propagation

o Spectral clustering

o Hierarchical clustering

o K-means clustering

© Canopy Clustering Algorithm

o stochastic block model

o Density-based spatial clustering of applications with noise

o Bellman equation

o Discounted reward

o Average reward

o Model-based method

o Model-free method

o Semi-Markov decision problems

o Stochastic games

o Hierarchical Markov decision process

o Factored Markov Decision Process

o Partially-observable Markov decision processes

o K-armed bandit

o Contextual bandits

0 Upper-Confidence-Bound action selection
o Gradient bandit algorithm

o Backpropagation (BP)

o Perceptron

o Feedforward neural network
© Deep learning

o Boosting
o Bagging
o Stacking

o Akaike information criterion
© Bonferroni correction

o False discovery rate

o Familywise error rate

o Multiple correlation

o Rank correlation

o Stepwise regression

o Artificial life

o Evolvable hardware

o Genetic algorithms

0 Genetic programming

o Evolutionary robotics

o Generative and developmental approaches
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