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AlphaGo
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Policy network Value network
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X

IagF SIRE AL

unknown target function
X =Y

(ideal credit approval formula)

|

training examples | ;fgag:::ggm final hypothesis
D: (X1,)1),--+ » (XN, YN) A g=f

(historical records in bank) (‘learned’ formula to be used)

hypothesis set
H

(set of candidate formula)
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LRIRE

I R AR E
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.;::I|2> I=

input layer

d (REEZRHR

EEM, MW T —1TERFRgEE.

hidden layver 1 hidden layver 2 hidden laver 3

output layer
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C, S: C: S: n; n;
input feature maps feature mapsfeature mapsfeature maps output
32x32 28x28 14x14 10x10 5
: o . N
G
. ] H\\ =9,
»Y r g A\ s 3 N
\ s ! b 53 \\ \’ 9
il | ~ b \\ N\
convolution \ 2x2 . x5 : = [ L \\ fully \
subsampling convolution 2x2 connected
3 subsampling \\ ;3

feature extraction classification
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Convolutional Solft-max
layer 1 Convolutional ayer
Convolutional Convolutional -3
layer 3 layer4 160" |
. 4 B
: - +E—af . 17547 2 of
2@," > ‘ ) 0 SRR

=F 111 At --4zR* P et s I ",l
3 )55 = _L’-' . -80\-:\::::‘9 %
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40 60 Max-pooling .- :; '

/18 !
20

: 40 Max- pooling
Mal)a(!-y%?ollmg layer 2 AR Dee hldtie
J:-:ntlty
features
(DeeplD)
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BT HEER

Generator Network B residual blocks
A
n64s1 "n6ds1  nB4s1 ‘ n256s1 n3s1

PixelShuffler x2

skip connection

Discriminator Network

n64s1 nB64s2 n128s1 n128s2 n256s1 n256s2 n512s1 n512s2

poo ] o
P | o~
& S

w
= 2
= 3

bicubic SRGAN
(21.59dB/0.6423) _ (21.15dB/0.6868)
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Detecting
Persons
Automatically

Surveillance
System

B 'iifift( - Kﬂ

Tracking the
Detected Person

Searching Certain
Persons (e.g.,
criminal suspect) by
Person Matching

g
M [
Surveillance
Network

Searching Certain
Persons (e.g.,
criminal suspect) by
Face Recognition
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BREVISNRIE RS : (RIMAE?

Tl NN Action
Detection TS = Recognition
Tracking 9 '
Matching
Collective Activity,
crowd Recognition
and Event
Classification
Surveillance
] \: System Abnormal Activity
ﬁ SISl Detection (e
— [P mg &
& I ‘ HiN , _______ violence, larceny
. and etc.)
Surveillance
Network
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0 WUBIE LR N4

Activity Example: playing phone

4
- B
multi-frame
_optical flow

Spatial stream ConvNet

convi || conv2 || conv3 || convd || convs || fullé full7
TxTx96 ||5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 || 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || cropout || dropost
norm. noem, poot 222

pool 22 || pool 2x2

Temporal stream ConvNet

convl || conv2 || convd || convd || convs || fullé full?
Txrx96 || Sacfo286 || 2812 || 3xdaS12 || 2x3x512 || 4096 2048
stride 2 || strice 2 || stride 1 || stride 1 || stride 1 || cropout || dropout
norm. || pool 2x2 pool 22

pool 22

1]

Recognition Comparison Results

]; ]’} 4 drinking I sitting chair
L \ " pouring M moving chair
calling phone Mltaking out wallet

Bplaying phone Mltaking sth. from wallet
Mlwearing backpacks Mimopping
Mlpacking backpacks [Mlsweeping

14
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GT: Walking

u® @ e\l
: S Attention Attention
o) Embedding Embedding
' - Module Module
(Step 2) (Step T-1)
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Particle
Advection
f
g W
» L

Behavioral Heuristics

. -

Acceleration
(BOW)

Aggressive
(8OW)
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201860

Corporate Wellness Programs
Deep Learning: The Next Step in Applied A, Get Boost From Wearables

Healthcare Data

SAMSUNG

Machine Learning Set to
Dominate This Year’s
Healthcare Trends

Next Step for Remote Patient )
Monitoring: Virtual Physical Medical Robots Step Into the
Therapy Healthcare Spotlight
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BEETT

4 FH
- Ill_z’—:.-.l;d-l:
Testing - i
. | |l tl.l
Original Images | Preprocessed | Ensemble | | Averagingand | | Segmentation
g 8 Images Models Thresholding Map
) B Y 4
/ /

Ground Truth 18
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AR ERY

RECASTESE

X 13 —2K !
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1EF 1B B ZA | phaGo
0.0

O¢ AlphaGo

OQO

20



E
HEO6 6
o
DEEEE@E
®
®
BBABAENGRaAEE

MR BANNEE B IEN B B2 L R ERISF
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SELFES]

RIFIMEEE, RER
s R TR

IRiE

(environment)

RWCHMEE R

22



HLEgF S FTHEK

W& —HMREE (policy) , X
TSRS BE U5 AR 1B AT A E
(state) , MIHEEME

(action: up or down)
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Boston Dynamics
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TREFRZEIIE

0 DIt HERETE

EiR

18 EHFATES

= HBE A&~

AR RERFHTEER

A

P

=

(Al B =

S T AERER, 5Bk
BMERZEAS—HFH. AMAE

ERWERRN, DIITATEE R X FHHE X R A

P(BIA P
(B

b P (Al B FREABIGIGHER, P (A FRIEARISCIS
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ﬁ%@ﬂ'\]zlimz"émﬂ‘l'f :g*ﬁ
0 DERE & DIATHET (Naive Bayes)

it b, HRHRBELE— A RIFRER.

o

1

i(i =] Bl . n)

29



R A R ENHEE R
0 R RE £ 2= DIAT 8T (Naive Bayes)
REEDITER AT AT LR E :

P (C| X vy P &K X 1O * PO
TR n p (xl ..... Xn)
PSS
! ey - POCRFE | 285D * P (CEH)
P RN | HFED S
PDRERTRTA:

Classifier (X,,..., X ) = argmax P (C | el gl X)
C
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ZME T REHRENRY

O ZMFIB)5Hr (Linear Discriminant
Analysis, LDA)EIRAEINAEE LiH TR,
v am BT — MR IBERIR T S R AT RERY
i, MARZERHIERRA PO BRI S

RAJBEAIR

I

T T
.
4t : i 1 4t
- . 5 o -
. . - ° . - Sy °
‘- ..’;:*'_.. SPov T - ..;;._.s o, o W
o 9 5 o . S o oo
IR o PX L \ A AL P S
. ® .-' X g L Sl Tl \ . .. '\:, ..\

0 »\\\.',' . , ' 1 o}
Yy ?
oy
! '.. 4 ,

-2 2 6 -2 2 6
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ZME T REHRENRY

0 ZHrmo=4 (support vector machines, SVM
) E—fql_ﬁ?\gé*%ﬂ” AR A E KRG 1E
ﬁ%ﬂzl TG EEF EHILAEMR&E KBS EIE

< TH

/||||

32



&M REEBIR

2 RERT B R IES Tz‘?—:@%li_f 7HY, XAETR
AEFEBEFHNEFE. JFLESW BE(E

}_!l

iz ek %, Hﬂ}%%@*ﬁ s8], SKRERARTE

== (8] R % AN AT 57 RV ()
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XM TREEEIIR

O R EITER I = ER S ERZEE)

PRI ARFIRY R, FFEFEFI TN RER S 4R
i, BT HIEESESTEFHNERITE.

0 BRZEAE: SHf% (Gaussian Kernel) |
}5204%% (Exponential Kernel) 3

@ Negative objects (y=-1) @ Positive objects (y=+1)
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XM TREEEIIR

0 RER (decision tree) B— &1,
MIRT =g, MR Fo ERInPHEN EI’J*I:#ﬁEJ:
M, HigBHEERENE Y, BEIEEMF
Tea, B¥tFT ,“ﬁﬁﬁﬁ'ﬁéﬁlﬂ'ﬁjﬂ&ytéﬁgc
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IR M R BUZ IR A ST R EHE ML

B R B0 22 T 25

% {1

« SHA—ERERXHFNHEITFERN, EWHR9RmA.
« BERHIA—INTENER, RIENHEER—ER®K
HE a1 (tbansmA AR “Fa” B#IE) .
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JEZR 4 SR B AR F 25K B A 2%
% =2 B

AN = fa = fa = i =

% R BAERR T 2 B T AR R S B R ERE, (5]
B 22 R R BB 1L 4R B RE WS 22l B I SE A Fh RV S 2

(EH2
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JEL M R BB IR 2R E RS ML
EEEEMEREXTEL

FULLY CONNECTED NEURAL NET LOCALLY CONNECTED NEURAL NET

IM hidden units
m) 10712 parameters!!

Example: 1000x1000 image
IM hidden units
Filter size: 10x10
100M parameters

- Spatial correlation is local

= I
Better to put resources elsewhere il

\N\N\

- EEINHEHE TEHE TS LEME T ERREEH
RERR, TRAEERB SR E K.

« ONNiEE “EF%” MEASRN. F—1MERZERBEGRA
=HER, BRBIERRERNARERIENVNEXR.
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IRt eR IR TSR R E R P 4%

GRHEMBREE

layer m-| hidden layer m
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AELe 1% R BUZ R FI R IR E M 2%
SHASEIRANTE

Low-Level
Feature

Mid-Level
Feature

High-Level
— —

Feature

Trainable
Classifier

-
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AELe 1t R B AR FI 23R E HHE ML
B LS

lﬁﬂq‘l‘ﬂ%%

U Y2 | Ys | Ya | Yr
! ! ] I !

h, - h, - h; - h, - . - hy

f I 1 f f

X X2 X3 X4 e Xy
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=AM REENT—MEE = E/RE S
0 ERFES] (ensemble learning) BidtiEHEES
ZNFEIB/KTEMFEIES-
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=PMREEN—MEER-HRRF

0 Boosting G AR T HITHRES, B— A KETIIZk
i%ﬁh%m ZBRNFIERER, MAEX
BEEHEIMEANEN SRR TEHIEDT -

% o MODEL A
...0. TRAIN .'. ° AIN m TE ‘ 0. m
os TR oES T RIT aSs
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=PMREEN—MEER-HRRF

0 AdaBoostH AR A EF S =T RN E
SHNE, FE5E ~%7 SIRF I EEREREE
ZREZREFNAARRAEBRERENAE.

Box 2
D1 ‘ D2

Box 1 +- + Box 3

N «—— Box 4

44



ENMREER— M EER-SKF

0 Bagging FiEETHITHRES, 3
ki &, AISEIMHITIIZG. B—X]
] BB B BEHN HhHE SR IR B2 203E

et
N
M

Stage |: )
Bootstrap sampling LObservatlons]
T —
'R B
Training subset | Training subset 2 | eeesee Training subset M
Stage 2:

Model training I I I E
& Fy

Tree t=| Treet=2 B eessse Tree t=M T’
* = Py
v: covariates o
® Split nodes »
® Leaf nodes o~ Py

Stage 3: 1 l 1

Model forecasting

Forecast | Forecast 2 Forecast M
Stage 4: - =
Result aggregating -
L Forecast ]
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ENMREER— M EER-RKFES

2 BEALARHR (Random Forest) HKiE%RIES
STHICARDREERY, MARR— AR, FiFEIXLERE:
SR S 25

ﬁ]

'x
= N T
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BRI IH-TTEEF S

0 ERKT 58T (Principal Component Analysis,
PCA) = EABIMEHERZEC—, BEIIERXE
I —E P R F AR T EREE TR A—
HzxMAEKNTE (BIERT) -

Variable 3
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RBIREANAH-TREFS]

0 WI935 %7 (Independent Components
Analysis, ICA) B—MztTH, SRS

H"J%'f&:‘ '

)

5SS BRI ST HES

RHYEEES .

Find an ‘'unmixing matrix’ allowing to recover the original source signals

48



BRI H-TT B F )

0 2B (Clustering) B LIREHERESE
AR SECRIMEREIRE, PHEHBIEZRSE
RN EP

e Cluster0
e Cluster1l
e Cluster 2
. Cluster 3
e Cluster 4
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RBIREANAH-TREFS]

0 BRHNEBEFEBEREEIE (Agglomerative
clustering) , K¥{EEEZE (K-means) , ET
ZRERYERSE (DBSCAN) =,

mlBa:chKMcaMf\nnyPropooahon MeanShift SpectralClustering Ward Aqqlomemtrvcclustenn OBSCAN

90000006
@@@@@@@

H
z

AN
\\IhII k:l

AEIBHEFBIELE:: https://scikit—learn. org/stable/modules/clustering. html#clustering

50


https://scikit-learn.org/stable/modules/clustering.html

BRI H-TT B F )

0 1EIFRAE! (Topic Models) IEXTIZLV;&”J‘}HT
SITERA—EE R, ERSTEELIIAK
PRy TERL, g Eé'ﬂEI’J’&é.\ RN o

Topic proportions and
assignments

Topics Documents

gene .64
A e 3, Seeklng Life’s Bare (Genetlc) Necesslties
COLD SPRIN nmu\n YORK wre 1ot all part.” especiatly in
How mmany . VRS o enparson to th fv \
/ e La ok a l LR necting Y ' \
here,” two genome rescarchers with rad Uni
fterent oo resenited complenen w2 up with
life 0.82 'lv, ’w lt. basi ‘rv led forinte 1 o m t 7\\

evolve ©.61 | - : = i
organism 6.81 | ¢, thoe oo SR

4t L with
v st 250 geties h carthiest life foemas
Uit nere |28 Th
/ eher rewarcher mapped e
n mple parasite and est

LIS t L ins oAt
brain  ©.84 S R beg ek

neuron ©.62 £ 100 wenddn's e enod
nerve 0.81 T" ||v‘w1~wfvw
wach prociwe! e o
J SO
]
ay B b
data 0.082
number 0.62 =
computer ©.81 | @, .
A -

—
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BRI IH-TTEEF S

0 Z£HBYTopic Models:

0 LSA: BEIIBNXY7THESBL, Latent Semantic

Analysis

JPLSA ¢ #E X B E B X 7 E &,

Probabilistic Latent Semantic

Analysis

QDA : RRIKF 2 B/ o iR &

Dirichlet Allocation

J | Latent

52



0 E¥BE3S] (Transfer Learning) Bir2F R NN TR (TS
EFEIFFIRS AR N A B A EMEHE <D i‘JZ'JZI'ﬂ;E'EEEJO

FERBEENE XTI P EBIRERIBSEFIIREL ., 5T

X Bk B B AR s el (SR SI 3R -

B A
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0 E”"'FX%__I (Self-supervised learning) BSEBFIE
RAEANLRERENEREES, AU EEEZEALS
'—35’]%%?7 ENAGEE (FEFRMKREEEFEIT
E)ﬁ@ EMI2NMABERERD, BEFABRARE
SESE R EY

E R RARE

Let machines learn |i1ke humans
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BEEMNE-ZSmEF ]

4

F@FS] (Active learning) Fo{ERBFRICHIREREIE

NEE—1MFEIZE, BETZF IS ARRICHHERFEIT

oM, MAEELEHAREM SIS REEERBERRS

WERHFHFHITITIR, REERT ZREMIIGEEFHIIEE

'r?t._ 5. BreEFRARELH/AMERNZIARKSEF
BE o
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A = Il/—+¥$

>] (Semi—-supervised Iearnlng) =igitx>)s

MMRFINRRZE (5FFFIAE) Eﬁﬂﬂﬂﬂﬁﬁﬂi*—\iﬂ
HEAREHZSIME MHi,%W#ﬁﬂﬁ@QﬂﬁﬂEﬂ
AERICEIE

 RITZMERNSNIE, MHERET LR 2T
T B AR A L 58 RAZUMAE |
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i ENE 2 55 B >

0 ZB=ES] (Multiple—Instance learning) FX#IER
BHERNEIRIZE uEI'JHﬂleo FEE (AR, % E%ﬂ)
ER— TSN (Ehavsdic, wRER) BIE.
ZRBl=E S RETE kEL.l.*%*”S(T@& =R Al
FHIT S IFUNE H RS

[
[
[
Instance, |
[
|
[

Instance,
Unknown

Object Instance; Process +—r—> Result

Instance,
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i ENE 2 55 B >
0 5588E% 3] (weakly-supervised learning) ——/\&g

® Tm:@”"ﬂ. WEE T R E— /7 #U Eﬁ’bxx_\“
RKEBD#ERBmRE, BX—/NERoERENHES T

LUNZG— N FRRE ———— HIEEZS], EEFT,
EZES],

O T ﬁ%ﬁ]”" 1 BhIZGEARR BN ERNRS. EEai—ik
AGEHNKE BZEAFRE, mxTTERS EI’JQ/I\Q:M-‘)”'J
/Xﬁﬁ‘/i L B Z Rz

o NMEMNBE: SENFEHANEREME, EWMATLIRE
Sof:RR TR

o R2RAATIFERE—BEEE)
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A58 Re- iR SIRE EE

0 BIERE%E
B4 (dimension reduction) ZIBITRKMHHFTRIFEEIRS
HREMTEETA—MMEE “F=E”  (subspace) o

MTERR, RIESEFETOFAR, EXMEERA
TEETEERF .

A et
/ - Vg g0 - .'.
Pk o o, e

Vs -

(a) ZHFEPFUBRANHERS (b) Z4EZ 8 FRIHHE

RERNTEE

; = .."..).'v"‘. w7,
. “:..,
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W B ge-BEEE SRR E s
0 REES]

mH.FES] (manifold learning) =— B L THINALEZ
g%, 2 (manifold) ZEESIPEERR T EEIMR,
BEFRRNIEERFITEEITE, XBMEERETRTRAH
B%..
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A58 Re- iR SIRE EE

0 R dmE
HIZmhS (sparse coding) m=— 1% METFEREE, 21EA
— R TS B HHESE SI AR BN BIS 2] T 2%,
WiidmtS TR RERT

=l

Represent X; as: a; = [0, O, swey 8y Qo 00635055 0.5 54 ]
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A58 Re- iR SIRE EE

0 RBE Y
R EFENEEHN2FFRMNEERFEMITER A
ZEMABNAREREE A, BNEES I

FEBR R R is=

SIS ML E (parameter pruning IR IHERZEEZMA EHFEM

and sharing) RKHIEH LEEE

{RFREF 95 ## (low-rank factorization) {FHIEMEXSHIHIT EHEFREFM
o3 R G SEEE

21/ RIEETURNES IR ERZE REER

(transferred/compact convolutional RESH =

filters)

FNIRZX 18 (knowledge distillation) WNGHE—ANEZENN  EFEFM

HJRNKHRBZIE 2EEE
iR
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JHE B - MR U S SR E 4
O PUEMERE A S R R E

(b) E4820EFERHEBRFRG A

Teacher network
- A

Transfer know | edge

| Wi ]j [ Wi ]/ ' Student network

(¢) REERIRIKER (d) FIHZIE
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,.‘|E'J7|‘f|.%§ﬂ< k=
0 BRIAFERIEE

(a) starting position (b) intermediate state
! ) |
- 1 ‘l

65

(c) sub-goal reached (d) end goal reached



AutoML

) Network Architecture Search (NAS)

Controller Controller Controller
Replica 1 Replica 2 v Replica K
R
Child Child Child child cd | | cnid Child chid | | chid
Replica 1| [Replica2 | | Replicam Replica 1 | | Replica 2 Replica m Rephca 1 | | Rephica 2 Replica m

ht

1

Tree
Index 2

Tree Tree
Index 0 Index 1

hea Xt hea Xt Tree Index 0 Tree Index 1 Tree Index 2

s

Cell Inject Cell Indices

66



=885y MAHEAR



TTEALR

!l

¥ell-Detection: fER “Bft4? EME? ” gum)gn, BIENL LB
B E FH 3 E BFrAY3E R .

Classification Object Detection Instance

Classification

+ Localization

Segmentation

2 s 3

CAT, DOG, DUCK CAT, DOG, DUCK

S N /

Single object Multiple objects

68



TTEALR

0 4l
4> E| -Segmentation : 4 A 1B X 4 # ( Semantic
Segmentation) FASE43E] (Instance-level) , FER “&
MEZER TN B Eins" BUElE.

o E)‘(ﬁ%ﬂ: BXYEIEIEXY FIEEEGRPE MR R A
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TTEALR

0 oE
o SEHE|
S5 4 BIAE R F S I T 4 26
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L

0 BER

o JBER-Tracking: 7E4aEBIALSTUFFIHIaaMIEY) H AR K /)
MAIERBERT, o EEmPIZEFRRKNFALE.
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HRHLAE

IR A FNE =
IR 5l-Recognition: EN¥

O Z2—-Retrieval: BIME

H7 44 E &
1% _L,%%yfl

RTEBYE R .

Not hotdog!

Hotdog!

&P AAERI RS
EEPRERLESEAE
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ARSI

0 F=#M (Anomaly detection)
o HAlAFTENEIEICER, HRBEFTEH DAL,

Pixel Blocks —_—
(Horizontal Axis)

60 120 180 73



ARSI

0 ¥EFFE 4% (Recommend System)

o #HERGE—MEREIRERS, BATHNAPXYImAY
“\:l:ﬁj\” & ‘i{ﬁﬁ%” .

I have a top like this: .
E Fashion Recommender System
User input
v > [ Generator ] [ Recommender }
And | want regular
skinny jeans. k )

YV " 4
System
“ output "
Generated Recommended
jeans jeans
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B2 1

[t

B2 (Cluster)
o BAERMBENEHT, ZIMEBIEIILHSEH,

oe? '..o a

.o....‘o'.o.‘-

~deo 82

.n K - ....A

» o ¢ _’ o
Yevo < * \

5 090
| Demi Lovato Fans

o000 ’ '..' \ t’
Entertamment News NN ',‘
.. e L4 »* O\

BIackLwesMatter - .-... *e
“ - .°.‘.‘o \'
3 ...0‘ .. L . .

7 .... . 0.' Console Gamers

S
" o. 0. °..- o
.

| Lifestyle
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ARSI

0 APFPE{% (User Profile)
o “55, #&EHEE, EEMTIL, 2%, WIA1ALLL,
mi?‘ ANEN, ERZBEECEH” , X—FHEAA]
l’/LFH mmg*%ﬁ?o

Q\h‘u{_ﬁ/ 76



WIRIZ 1

O M (Prediction)

o AZIBRETM
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=HREE A
O HlEsEE

A =ik
RS

79) 1 |5RF3G
KA

ERdhE, N—MES S —MESXASBIETBhE)
1%, ENLPEEZEMNNAZ—.
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Google

More than just a search engine.

{=

Google Search 'm Feeling Lucky

@

n,u’fA?E’JEZIKJ_ BN A PR R RN S HE
HUFRS A TXIEE, S ELECRIIRT, R,
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gf"}ﬁ}n =8

“Siri Siri”

ARFETE

BERARUIFF T .

HREARF ZNER

... FF, BMAK—EH
REA.

“ -
R RASEEA
52 5 M 4E

Balo) & 2 F T HE
BaiEZE A Prie i aYa]
/i LA & F P AR EE K BY
15%. BoNERS T
’.Z.'FHF'IEH AR, BIEEIE
IR A PR AYIa)
Eﬁ, HENE P XHERYIE
2, & Eﬁﬁ’h%ﬂr“jz%
FMREPHITIRERE . |
fic, 1%3 HBZEI’J’“"*& EEQA
FHRF.
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HRES AT
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