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40 ZETTABYTES 1t's estimated that
[ 43 TRILLION GIGABYTES | O 2ﬁ|]5 25 uulNTILLIUN BYTES
of data will be created by @] [ 2.3 TRILLION BIGABYTES |

2020, an increase of 300 2“20 0 of data are created each day

times from 2005

em G BILLION
PEOPLE
have cell
0 phones

Most companies in the
U.S, have at least

100 TERABYTES

[ 100,000 EIGABYTES ]
of data stored

WORLD POPULATION: 7 BILLION

The New York Stock Exchan = Modern cars have close to
“’st“'ee“ — j ~ . 100 SENSORS

1TB OF TRADE = @ (@ that monitor items such as
INFORMATION ( \ y fuel level and tire pressure

during each trading session

Velocity

ANALYSIS OF
STREAMING DATA

By 2016, it is projected
there will be

18.9 BILLION
NETWORK
CONNECTIONS

YYYyYYyYYyYyrYyYYyrYyyy
ek IYTIYTTTTIT]

The
FOURV’s

ak big data
Velocity, Variety and Veracity

By 2
44

will

As of 2011, the global size of

data in healthcare was
estimated to be

150 EXABYTES

[ 161 BILLION GIGABYTES ]

30 BILLION
PIECES OF CONTENT

are shared on Facebook
every month

don't trust the information
they use to make decisions

N

=

in one survey were unsure of
how much of their data was
inaccurate

By 2014, it's anticipated
there will be

420 MILLION
WEARABLE, WIRELESS
_ HEALTH MONITORS

4 BILLION+
HOURS OF VIDED

are watched on
YouTube each menth

You
(i
s T30
;

400 MILLION TWEETS

are sent per day by about 200
million monthly active users

Poor data quality costs the US
economy around

3.1 TRILLION A YEAR

A YEAR

Veracity

UNCERTAINTY
OF DATA

Sources: McKinsey Global Institute, Twitter, Cisco, Gartner, EMC, SAS, IBM, MEPTEC, QAS

http://www.ibmbigdatahub.com/infographic/four-vs-big-data
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What Happens in an Internet Minute?

20 47,000 61,141

New victims of App downloads

identity theft

Hours of music

20 million
o 3,000
204 million $83,000 Photo views Photo uploads
Emails sent / In sales
_ S204E 100,000
o‘ g\obu\ P = New Twitter accounts New tweets

. Apps ¥
amazon
PANDORA

New mobile users New Linkedin

accounts

Botnet infections

6
New Wikipedia \ 6 million
articles published Logins Facebook views

2+ million ~

Search queries @
And Future Growth is Staggering || 12mite e

uploaded | Video views

ﬁf@ [ ﬁ? s .a&\ W
~ 1P w
Today, the By 2015, the 2 In 2015, k . toviewal
number of o number of — D& itwould take - ; \ wltz‘eo :w.rtissl::g
networked devices the globol networked devices the globel you 5 years / eacl:“: e ;nd
population population -y

http://www.dailyinfographic.com/what-happens-in-an-internet-minute-infographic https://cs.nju.edu.cn/zlj



KBRS SR A LAVIDA

http://lamda.nju.edu.cn

> UG VR B /ML i
1

min— ) ¢(h(x;),y;)
Z

heH n

Onse I SrPEAS I E0R
OISR RE: 0(n). 0(n?)

> REE “HBR”
O I id it HE K
i — At ‘ﬁl’}
> RHHE It [ s J
O MEFEERING

https://cs.nju.edu.cn/zlj



= 3%
>E '—‘?ZII:LIEI

D*}‘LDD,_L,
 PNAE

> 252
O X
O5¢ 415 B EL2
OO (LA 262 )

zu /IZI %)%%‘

LAVIDA

Learning And Mining from DatA
http://lamda.nju.edu.cn

https://cs.nju.edu.cn/zlj



LAVIDA

s NS
?’— Ve j\
—r -—% '?‘ -~ Learning And Mining from DatA
http://lamda.nju.edu.cn
.|

> 5 M [Shalev-Shwartz, 2011]

Online learning 1s the process of answering a sequence of
questions given (maybe partial) knowledge of answers to
previous questions and possibly additional information.
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> %€ X [Shalev-Shwartz, 2011]

Online learning 1s the process of answering a sequence of
questions given (maybe partial) knowledge of answers to
previous questions and possibly additional information.
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fort=1,2,...,Tdo
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end for

- —> | R +-I/Nt € R
\/\,\\\
-

N—

/

PEAR (%, ye) € R X {£1]} ¢ \
K fr (W) = max(1 — VW Xy, 0)
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end for
> B} (Regret)

ZT:ft(Wt) — mln th(w)
t=1
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end for
> B} (Regret)
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BANHL (Perceptron) [Rosenblatt, 1958]
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\7

fort=1,2,...,Tdo
1. WRINZFEAR (X, ye)
2. IR y(wixe) =0

Wip1 = Wi
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> TEZR AR R F% [Zinkevich, 2003]
OrEZ Ntk

fort=1,2,..., T do
1. BRI RES ()
2. @%Tﬁﬁ%ft(wt)

Wi = Wy — 0V fr (We)
end for

W ne =2 02T, V(W) NfEWAERIEEE
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O g0 IR

Wepr = We — 1V (Wy)

O 318 R [=
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- 2 it &"——Pegasos [Shalev-Shwartz et al., 2007]
D4 & REA (X, ye)
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Y
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OS5 :E: 0(dn)
F 25 i ix——Pegasos [Shalev-Shwartz et al., 2007]

CCAT covl

Y
e

T =11 —— Pegasos
o --- SDCA
—o— SVM-Perf

-o- LASVM
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O[Zhang et al., AAAI 2012]

O[Zhang et al., ICML 2013]
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PG U EIBSRERTEAENEERAS
O[Zhang et al., AAAI 2012]
O[Zhang et al., ICML 2013]

0.98
\) »
> BEHLE R 5
™
S 0.96
8
<<
[ 1)
2 0.941
8 ——y=1
% —f—y=1.01
~ 0.92 - my=11 |
—0—y=2
0.9 | | | | —'r=.1‘| |
2 4 6 8 10
# of Support Vectors < 10*
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t=1 t=1

O7EZL T 2 X [Zhang et al., NIPS 2017]
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