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

(set of candidate formula)
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Generator Network B residual blocks

n64s1 " n64s1 n64s1 ' n6as1 n256s1 n3s1

PixelShuffler x2

skip connection

Discriminator Network

n64s1 n64s2 n128s1 n128s2 n256s1 n256s2 n512s1 n512s2

2
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o
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Dense (1024

bicubic
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Detecting
Persons
Automatically

Tracking the
Detected Person

Searching Certain
Persons (e.g.,

™ criminal suspect) by

Person Matching

Searching Certain
Persons (e.g.,
criminal suspect) by
Face Recognition

Surveillance
Network
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Detection
Tracking
Matching

Collective Activity,

crowd Recognition
and Event
Classification
Surveillance
Fr<g
> L\" 9 System Abnormal Activity
‘ ‘?wgﬁfﬁq > Detection (e.g.,
® — I / '} 1 3
o | ,M.{;g, ______ / violence, larceny
' and etc.
Surveillance )
Network
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7x7x96 [|5x5x256 ||3x3x512 | 3x3x512 || 3x3x512 || 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout

( norm. norm. pool 2x2
single frame pool 2x2 || pool 2x2

. Temporal stream ConvNet

‘ conv1 || conv2 || conv3 || conv4 ([ conv5 || fullé fullz ft
7x7x96 ||5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 || 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
norm. || pool 2x2 pool 2x2

video multi-frame | ;001 2x2

optical flow

Aetivity Eample: playing phone Recognition Comparison Results

g] 14 drinking [¥sitting chair
: W pouring Bmoving chair
calling phone Wtaking out wallet
Mplaying phone Mitaking sth. from wallet

Miwearing backpacks Mmopping
Mlpacking backpacks Misweeping
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Attention Attention

Embedding Embedding
Module Module '
(Step 2) (Step T-1)
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Interaction
Forces

Soclal Force

Behavioral Heuristics
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Acceleration

@u (BOW)

N

Magnitude of
Body Compression

IZL‘_AI.J..IL

Compression % H
pesdon VIP-signature

=
®

Magnitude of
Aggressive Drive

([

Aggressive
Drive
(BOW)

9% B
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' : 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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Testing - L/
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Original Images | Preprocessed | | Ensemble | [ Averagingand | [ Segmentation
& 8 Images Models Thresholding Map
T 1 4
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Ground Truth 21
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(environment)
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HLEgF S FTHEK

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

(action: up or down)
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Blind (—.‘,ﬁnb on Stairs

informatior

Boston Dynamics
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0 DERE & DIFTET (Naive Bayes)

Bi6 b, RS RBEE— A RIFRIER.
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PCC|X,..., X)
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0 R RE £ 2= DIAT 8T (Naive Bayes)
REEDITER AN AT LU E :

P(C|X1 ..... X):P(Xl ..... Xn|C)*P(C)
A P (X,...,X)
H=
~ f P CRFAE | 2850 * P(GEA))
P (KR | B4F) =
Kl | FFAE s
SHERA R TR

Classifier (X,...,X) = argmax P (C | X )
C
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0 ZHrmo)=4l (support vector machines, SVM
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JEL T XELRBINR

0 R RITERNEEER RS ErEE
PRI ARFIRY R, FFEFEFI TN RER S 4R
i, MR T ERESETSEPHNERITE
0 EHZEE: SEi#% (Gaussian Kernel) |

}5204%% (Exponential Kernel) 3

@ Negative objects (y=-1) @ Positive objects (y=+1)
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0 RER (decision tree) B— &5 1,
MR 2R, M5 L EN EI’J*I:#ﬁB:
M, FixlBHERENE Y, BEIEEMF
TeE, B¥tFT ,“ﬁﬁﬁﬁ'ﬁéﬁlﬂ'ﬁﬁ&ytéﬁgc
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IR M R BUZ IR A ST R EHE ML

B R B0 22 T 25

R I

« SHA—ERXHFNHEITFERN, EWHR9Rm.
« BERHIA—NTENGER, BIENHEER—ER®K
HE a1 (tbansmAHEAR “Fa” B#I1E) .
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% J= BRI
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B 2 R R BB 1L 4R B RE WS 2l Bl I SE A Fh RV S 2
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JEL M R BB IR 2R E RS ML
EEEEMEREXTEL

FULLY CONNECTED NEURAL NET LOCALLY CONNECTED NEURAL NET

Example: 1000x1000 image
IM hidden units
‘ 10°12 parameters!!!

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

- Spatial correlation is local

- Better to put resources elsewhere! el

\N\N\

- EEINHLEHE TEHE TS LEME T ERREEH
RER, TRAEERB SRR EEAK.

« ONNiEE “EF%” MEASRN. R—1MERZERBEGZRA
=HER, BRBIERRERNARERIENVNERR.
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ERHZMNEZRE =

layer m-| hidden layer m
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HIRHERRIUIIE

Low-Level| |Mid-Level| |High-Level Trainable
e — —
Feature Feature Feature Classifier
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#AE h
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_n L i . T IR I -
1 1 —pp— =
h, » h, - hs - hy = 200 > hy
? f f I T
X X X3 L oxy e | xp
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0 ERFS] (ensemble learning) BitiEHEES
ZNFEIB/KTEMFEIES-
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4

H‘

Boosting AR T HITHRES, B— A KETIIZk
E;EI’Jﬁ'Hqt’ﬁﬁu BRHFIERER, MAEX
BEEHEIMEANEN SRR THIEDT -

A|

g

DATASET ERRORS ERRORS
> £
MODEL e © MODEL ° MODEL
.‘. @ ® ' o .‘. ®
. . ... TRAIN E . . . TEST . . |
®o o0 ™ =  eolg® ¥ — 8.0 =
® o ® o0 ® o0

PREDICTION

46



=T REEN—MEER-HRRF

4

AdaBoostH A BT A E F S 25U IR AVEE AR E
SN E, FEEZFIFRZFININGERERE
T REZRENA AR EBRRENAE.

Box 2
D1 ‘ D2

| + | D3

Box 1 junge + Box 3

o —— Box 4
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0 Bagging FiEETHITHRES, 3
ki &, AISEMHITIIZG. B—X]
] BB B BEHN HhHE SR IR B 203E

et
N
Y

Stage |: )
Bootstrap sampling LObservatlons]
T —
= ~
Training subset | Training subset 2 |  seeese Training subset M
Stage 2:

Model training \1/ 1/ 1/ E ’
= Py

Tree t=1 Treet=2 . sessse Tree =M =
s—[_
: = Py
v: covariates -
® Split nodes =
® Leaf nodes 5_; e

| | |

Model forecasting

Stage 4: = =

Result aggregating L e ]
orec
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ENMREE—MEER-SKFES

0 PEHLEZRMK (Random Forest) HiEk#yid %*%*EE?
MHJCARTIRTRH, FZA— 1 FRk, FIFAXLELIRTR
P E[E]R R 4 2E A .

ﬁ]
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0 ErK7 5%t (Principal Component Analysis,
PCA) R HNEEREZc—, BUHIERT
A — A RE R EH R MR T E MR R A —
HEEAHKTE (BIERKT) -

Variable 3

50



RBIREANAH-TREFS]

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

H"J%'f&:‘ :

)

5SS BRI ST HES

RHVEELE S .

Find an 'unmixing matrix’ allowing to recover the original source signals
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0 BB (Clustering) R IREFEARAESHHE
AR R S ECRIFMEREIRZEE, AHIABIHEFERTED
Z A [ERY .

e Cluster0
s Cluster1
e Cluster 2

Cluster 3
e Cluster 4
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0 BSHRNRBEREZEEREL (Agglomerative
clustering) , K¥J{EEEX (K-means) , &T
HEREA (DBSCAN) .

A ‘Mh]fl

MiniBatchKMeaAéfinityPropagation MeanShift SpectralClustering Ward AgglomerativeClusterindDBSCAN OPTICS Birch GaussianMixture
01s 5.67s A6s| .A45s| 235 07s 02s 0ls
S| EE— | — 28
e o 3 % o - i‘ '.' K . '... ”
ll 25s(| 7
‘
3.52s
855
3.03s 02s

AEIBHREFBIELE:: https://scikit—learn. org/stable/modules/clustering. html#clustering
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BRI TIH-TTEEF]

0 1EEFREA! (Topic Models) EXSCARMIBEFHIT
DITERPN—MFEAR. ER DT ELZWI AR
iR, migeLl A EIRRNES TR

Topic proportions and
assignments

l

Topics Documents

gene 0.04

dna 0.02 . . . age
genetic 0.01 | & Seeking Life’s Bare (Genetic) Necessities
O . COLD SPRING HARBOR, NEW YORK— “are not all char tar ‘|.-.=H," especially in
How many genes does an/SRgimisi negd 1o amparison 1o the 73,000 n the b
/ suenive! Last week ar the genome meehing ane, notes Siv Anderssa <"
here,” two genome researchers wich radically University in wes - 0
different approuches presented complemen SO LT, Dut coming up with o \
sus answer may be more than just
l

life 0.02 tary views of the basic genes needed ol

One research team, using maly

evolve 0.01 | —
organism 0.1 | @5

\-__fff”’——_~

carcher mapped

imna x||||I farasite

l’ul e

i w'uf‘.:l».‘|--g1 :I!Iuvlnm-vn \

Jethesda, Marvland, Comparing 3

Lo

ul

brain  0.04
nﬁurpn 9.02 of 100 wouldn't be enough

nerve 0.01 Although the numbers don't
AL = march precisely, those predicr

L
\.—/ * Genome Mapping and Sequenc-

ing, Coid Spring Harbor, New York Slnppnng down. Computor an 5 yields an esti-
May 810 12 mate of the minimum mm: n a"’i ancient genomes

data 0.02 Sl Suas i s
number 0.02 e = e
computer 0.01 | @,

O |

R —
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0 Z£HBYTopic Models:

0 LSA: BEIIBNXYTHEESBL, Latent Semantic

Analysis

JPLSA : #E X B E B X 7 HE R,

Probabilistic Latent Semantic

Analysis

QDA : RRIKNF 2 B/ o i iR &

Dirichlet Allocation

) | Latent
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0 E¥BE3] (Transfer Learning) Bir2lF RN TUB (TS
FEIFF RS ERXNAEIAR[E 1E'7|‘EBGEI’JAD5TJZ_JZI'=7;E'EEEJO

FERBEZNEXITIN P IEBIRERREDSE FIR S

X Bk B B AR el (2 SR E SI 3R -

T s

— ST jc«a%‘ﬁﬁ
- u:b%
- "xq": ~. i, 4
J'--;S';_ wv b

e e [elphl *J:;V A

T A5
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0 BYEZFES] (Self-supervised learning) HISEBZ=SE
B AL ERE M%gij AL EEEEBALXS
S5MEEEI. mEZNAEE (FE2FFRAKRLGEEFEIE
2) , BEEMRNEBABEPERR, BEEREARE
SEE Y

WEEEENIRE

Train

CSEoanE el —

Let machines learn |i1ke humans
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BEEMNE-ZSmEF ]

0 FEHFES] (Active learning) Sc{EHRBIRICEIMERIIE
NEE—1PFIgE, BETZFIFIRIFICHERGEIT
o, ApPbERAREMST LA EEERHERNRS
WERHFITITIR, REFERY ZREMIINGEEIIIEE
'r?t._ 5. HireERARELH/ANMERNSIGREASEFL

BE

EX LR /(&)
[ . |

k452, -\

4L 5! B

R %A QE
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>] (Semi-supervised Iearnlng) y i AR=
NMRFINR R E (5FFFIAE) Euﬂﬂﬂ%ﬂﬁﬁﬂ%ﬂi&
HAREAZ MR ZE, B #E<HHT@Q1‘—\139&.E5|:H
RIFICEIE .

Dafdaabekw (; pirwrrodietorr drdtertir st Oor e (el ot adhe sy dowiberd ) serdrbie Qe mabrZ e o i e et e v e At e A ey ey b ot ) o o !
;’%3 (#) ¥ B 5 3) = @ >
T | w :
i | g :
B HEHER, ARSMENSNLE, WARERETIR TR
: . ERRE, ¥ EMNMEEXEARRCKIB LIRS Mzwﬁ |
| r“‘l’ ! 1
A — !
# i |
IR B |
: : :
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BAEMNE- 2B F

0 ZBES] (Multiple—Instance learning) £ X#IER
BHERNEIRIZE uEI'JHﬂleo FEE (AR, % E%ﬂ)
ER—1TEEZNRG (Ehavsdic, wRER) BIE.
ZRBl=E I RETE kEL_JJ‘E*'JS(T@& LB 2 B 2 SE 5
FHIT S IFUNE H RS

[
I
\
Instance, |
[
|
[

Unknown

Object Instances "4 —r—> Result

!
I

LA J '
!
|
| 2
- :

|
I
[
1
I
: Instance,
)
1
I
[
[
|

Instance,
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i ENE 2 55 B >
0 5585 %>] (weakly-supervised learning) ———/J\Q*

o NEERE: 1 )||€§\951:E53R — N BIEBRE,
KER D #IEZERE, BX—/NEBrBinE EI’J;&ETE

G — A F SR ——— LUERS, S,

O T ﬁ%ﬁ]”" 1 BhIZGEARREGHENENRS. Ebani—ik
AGEEHKE BZEAFRE, MxTTERS EI’JQ/I\Q:M-‘)”'J
/Xﬁﬁ‘/i A w1 ZRGE]

o NEMNRE: SENFEHNEREME, EWMATLIRE
SRR TR

¢ T RAALRENIRE— BREF >
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A58 Re- iR SIRE EE

0 BIERE%E

B4 (dimension reduction) ZIBITRKMHHFTIRIFEEIRS
HREMTEETA—MEE “F=E”  (subspace) o

T EfR, RIESESEFIERR, EXMELERA
TEEFERZF.

A

SRR . EARO

' . %8 o
I _— - :l’.)"o“.\‘ Fa
Sl WY

/ - s
(a) ZHFEPFUBRANHERS (b) Z4EZ B FRIEHE

REMNTEE
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A58 Re- iR SIRE EE

0 REES

mH.FES] (manifold learning) =—E L THINAEEZ
HIPEHE 3%, B2 (manifold) ERIEBERTEIAIMEE,
)ﬁ;éﬁﬁ RN ESRHITHEEITE, XGRMEERFEHRTRERH
=P
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A58 Re- iR SIRE EE

0 B4R
WliZmbs (sparse coding) B— MM REFIERE, E1ERH
— MR I B FHIEE S FHER B SIS 2 T2 5.
i mio TR RN T

Represent X; as: a; = [0, 0,...,0.8,0,...,0,0.3,0,...,0,0.5,.. ]

64



A58 Re- iR SIRE EE

0 RBEYE
R ERFENEEHN2FFRMNEERFEMITER A
ZEMABNAREREE A, ENEES K

FEBR R R is=

SIS AL E (parameter pruning IR IHERZEEZMA EHFEM

and sharing) KIS LEEE

{RFKREF 95 ## (low-rank factorization) {FHIEMEXSHHIT EHEFREFM
o3 R G SEEE

21/ RiEETURNES IR ERZE REER

(transferred/compact convolutional RESH =

filters)

FNIRZX 18 (knowledge distillation) WNGHE—ANEZENN  EFEFM

JRNAKHRBZIE 2EEE
iR
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JHE B G- MR i SRR E 4
O PUEMERE A S R R E

(b) E4520EFERHEBRFRG A

D Teacher network
l wi I :
D [ Wi f] ' Student network

(¢) REERIRKER (d) FIHZIE

Transfer know | edge

I W
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IHLES RIEES
0 WRIFFEIJE L

Kd

Z

h‘_‘

(b) intermediate state
| | =]
—— ‘

-—4-_4

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

(a) starting position
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Lo HY AL 25 A4ENE A

=0 .
redicted pose P : attention  selected ® - gordered 3D -
p p per-point per-anchor SCOre e % -/ keypoints k.
=) 3 S
feature feature featurs o\ // @ :
Bhay ‘] ] , } . Attn. S Oi’. rcdhs - S
A /A l I \\ Netork| - argmax < lected
,» =\ O P selecte
{ ] [ | Vi e e ;  anchora,
Mxf Nxf ®
) l T . TS
RGB-D frame PR il Pm@ Tttt !
for each anchor | Assoliooipese: Tl
\ fe { & : Predicted 6D pose P
crop within . O | - o b ve Rotation change AR :
iy . t-1 g : Translation change At :
9 P | e
bounding box f keypoints - AR, At
& normalize

O distance-weighted
average pooling

(4)

O=Or=—r =) 4)

@ generate N anchors a,

Anchor-Based Keypoint Generation

Y- : e g}@
9
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Wang et al.. 6-PACK: Category-level 6D Pose
Tracker with Anchor-Based Keypoints. ICRA 2020
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AutoML

) Network Architecture Search (NAS)
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Transformer

* Adapting convolution layers for NLP modeling

Convolution
based

¢ 2017.5 ¢ 2019.2 e 20194
ConvSeq2Seq Dynamic Deformable
Convolution Convolution

FAIR FAIR MSRA

Transformer
based

¢ 2017.11

NLNet (FAIR)

RelationNet
(MSRA)

T201f7°6 dominate |
2019.4 ¢ 2020.5 ¢ 2020.12
GCNet (MSRA) DETR (FAIR) DeiT (FAIR)

LR-Net (MSRA)
SASA (Google)

I
; 2020.10 2021.03
I
. I ViT (Google) Swin Transformer
self-attention | Transformers
< : > RelationNet++ (MSRA)
i
1
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backbone h encoder

| b

] | |

: K

| M M class,
:‘ l ‘ i E: m - box

I I 1

I & i FEN || M
e L ! transformer \ transformer . _object
r-- 1

i encoder :: decoder :. —
: :' :| ‘ box

: b 4 4 4 4 4 4 I: '1—3-5-#- I: no
. ooooog---0 ¥ I FFN object
| 3 a

| _positional encoding : | object queries | :{ ________________

Implicitly learnt

Nicolas Carionet al. End-to-End Object
Detection with Transformers. ECCV 2020
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TTEALR

!l

¥l-Detection: fER “Bft4? EME? ” gumgn, BIENL LB
B E FH 3 E BFrAY3E R .

Classification Instance
+ Localization

Object Detection

Classification Segmentation

CAT, DOG, DUCK CAT, DOG, DUCK

7N /
N Y

Single object Multiple objects
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HENA R
SIRA |

43 2l -Segmentation : 5 B 1E X 45 &l ( Semantic
Segmentat|on ) FMISEG 5> El ( Instance-level ) , iR "&
MEERBR TN BieEms" NinE

0 EXHE : EUHTEEY LBRERHE MRS

J
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0 BER

o JBER-Tracking: 7E4REBIALSTUFFIHIaaMIEY) B AR K /)
MAIERBERT, o EEmPIZE IR NFALE.

77
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0 IRA AR R

11 5l-Recognition: B¥I|iT45 E E{& PRI R,

“Z-Retrieval: BINEEGERZERIEESTKREL S5E 4
FRHEURE R
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ARSI

0 F=HM (Anomaly detection)
o HAlAFTENEIEICR, HRBIEFTEH—D AL,

Pixel Blocks _—
(Horizontal Axis)

60 120 180 7



ARSI

0 ¥EFEZE% (Recommend System)

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

I have a top like this:

Fashion Recommender System
User input

‘ > [ Generator ]ﬂRecommender
Ny - 9

And | want regular
skinny jeans.

YV Vv
System
“ output "
Generated Recommended
jeans jeans
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[t

B2 (Cluster)
o BERMBENEHT, ZIMEBIEIILHSEH,

‘ » . .o
°A9

| Entertalnment News
® ® LN

4 #BIackleesMatter Tes ".-
™ I ~‘

o, tn %
. S e iy

- o

| Lifestyle
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ARSI

0 APFPE{% (User Profile)
o “55, #&EHEE, EEMTIL, 2%, BIA1ALLL,
ﬁi?‘ ZANEN, ERZEECE R , X—FHEAA]
l’/LFH mmg*%ﬁ?o
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O M (Prediction)

o AZERE T
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Google

More than just a search engine. 9

Google Search

SRRRMEAFERERESHANRR LIS RIRER
ARSI TR, Y HLARAA, BRI
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XBZE: A¥IXZE

0 HEIERERE, BRI RKEKER, I
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Pooling Over
N nodes

Graph
Convolutions Classification
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1xd
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XBIZE: H3iR5]

0 HEIERERE, BRI RKEKER, I
R HETE X 4%

Some body
parts are
occluded in
some frames,
but reappear
in others.

information for missing

same patches
@ @
e e Samples of different

® 9 ) 2 e - on
identities with similar
appearance.

Providing complementary | (b \ e /
* 9

Large gap on structure.
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. 5/
Large gap on E’
appearance. |
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XELRZE: 1TRITE

0 HEIERERE, BRI RKEKER, I
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The Joint Difference Module
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