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A 7RX 4 | LAMDA

> G RERME
1
mmEZl 2(h(x0),y.) + (h)

heH

O(xq,v,), ..., X, ¥n) € R? x RAZ Y Zr &4
OnEAfiE. defidagE. H AR
O¢(, ) NMEEE. () ANIENALEHET

> fth e 2]

a I
1

min= » £(h(xy),y;) + ¢(h) >
s || = he‘”"z :>

- 206 R % B /M Y,
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mln Zmax(Ol Vi W Xl)-l- ||W||2

O BB 2k f(u, v) = max(0,1 — uv)
OZ s E: H = {h(x) = w'x}
Ok Alw]|?/2

> IR 1
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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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» Facebook
O014.7 T E A

> Amazon
0665912

> Zoom
020.8 /5 H ) 4

> YouTube
O5007/)N ) F AR 45
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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.

05 215 5L
O A LE 2k ]

> AT
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|
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> £ 2%~ >] [Cesa-Bianchi and Lugosi, 2006]
fort=1,2,...,Tdo
1. FARIEFER KW, e W
[FI, X TR S ()

end for

‘ + d
- :> Iy RAE + /N t ER
\/\,\\\
<

N~

PEAR (%, ye) € R X {£1]} ¢
K fr (W) = max(1 — VW Xy, 0)
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> £ 2%~ >] [Cesa-Bianchi and Lugosi, 2006]
fort=1,2,...,Tdo
1. FAnFERRW, e W
[FI, W ()
2. FAMMERZK (W), FFHEHw,
end for

- E%TJ’%% ft(Wt) ’ E%ﬁ W,
\/\\,;\

N—
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> TF 2% 2] [Cesa-Bianchi and Lugosi, 2006]
fort=1,2,...,Tdo
1. FARIEFERTEwW, €W
[FIS, XA, ()
2. R BEZPURS (W), HEHw,
end for

> BIRMR .
z fe(w,)
t=1

> m/MERBRIRR
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> TF 2% 2] [Cesa-Bianchi and Lugosi, 2006]
fort=1,2,...,Tdo
)RR R RwW, €W
[FIS, XA, ()
2. FAHBEBEZILS (W), FEEFHw,

end for e 2
> B} (Regret)
T

Regret = 2 fe(we) — mln z ft(W)
t=1

> m/MEBE TR
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> TF 2% 2] [Cesa-Bianchi and Lugosi, 2006]
fort=1,2,...,Tdo
)RR R RwW, €W
[FIS, XA, ()
2. FAHBEBEZILS (W), FEEFHw,

end for
> B} (Regret)
T
Regret = ) f,(w,) - min 2 fu(w) = o(T)
t=1

> m/MEBE TR
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> AL (Perceptron) [Rosenblatt, 1958]
O 7E 25 72
> T LR EWIAELL 5 2] [Littlestone and Warmuth,
1989]

OFEK N H TR
O £4E 1% E X T

> 128 LA [Zinkevich, 2003]
O R E ™. RN
O 472K, BlanEZLSVM
OrEZ AT, B anqfE 26 i Ik

|
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> R4 2]
fort=1,2,...,Tdo
ORI Rw, € W
[F, A F RS, ()
2. FAMERZIRL (W), FFHEHTw,

end for

Of (2R, WHINES

> TEZR AR R % [Zinkevich, 2003]
On, > 020K
Ovf,(w,) E6E

|

Wi =W, — 1. V[ (wy)

Wi = Iy [wiyq]
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R (RS LAVIDA

> 'Y & %X [Zinkevich, 2003]
Df@ﬂ%f?[&, n. = 0(1/t)

Regret = 2 fr(w;) — mm Z fe(w) = 0(\/_)

> 5 R 2 [Hazan et al, 2007]
nf%ﬁf?h,m ouuup

Regret = Z fr(wg) — mln Z fi(w) =0(ogT)

> T8 20 pR 2L [Hazan et al, 2007]
OO 7 28 A vk Regret = O(dlogT)

https://cs.nju.edu.cn/zlj
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> 15k

T
Regret = 2 fr(we) — mln Z ft(w)
t=1
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> T3 — 7 A0 R

Regret = iﬁ(wt) ~ min Z fo(w) = 2 £ (W) — 2 fo(w*)
t=1

Ow* = argminyew Xi— fr (W) L E 7 ST RACAH
ORI R DU [ AN AR

> SR N HIAEZ 22 2]
DB&%T%@Y/%@

Cwngge mevs | B R |

2 S ENEH . HEE SR ST
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Rl

7S]

> B4 % (Dynamic Regret) [Zinkevich, 2003]

~

A

T T
R(uy, ...,ur) = Eft(wt) — Eft(ut)
t=1 t=1

Ou,, ..., up NS HIR R 4

om Em Emm Emm s

________ N —_m—m—m————s N
|/ o \ |/ [ \ |/ o \
] ! ] ° o ! ] ° o !
e C T lpmmn ! e g e e ®|
1 ’¢” IjE% ’j_“ﬁ| ””” IjE% /Zi‘ﬁl ______________ :
B B = I L

l | |
1 % % , 1 8% % ] R R
) 4 ) 4 ) 4

U, U ur
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3

> A& IR (Dynamic Regret) [Zinkevich, 2003]
T T
R(uy, ...,ur) = 2 fr(we) — 2 fe(uy)
t=1 t=1

Ou,, ..., up NS HIR R 4

> B 2= Bl A1 I [Besbes et al., 2015; Mokhtari et al., 2016;
Yang et al., 2016; Zhang et al., 2017]

T T T T
R(WS, -, i) = ;mwt) - ;mwzf) - ;mwt) - Z min £, (W)

Ow; = argminyey fr (W) 95 B 55 0 e
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v ke LAIVI
H‘E_IX%BjJ IjL':\ lLa\ ( 1 > Lnam-inghnd Hlnh?%
> PR AT AL, [Besbes et al., 2015]
T
Vi = z 5161197|ft+1(w) — ft(w)| < By
t=1"

O 5 5 3 AR LT T %

( 0(B°T?3) M
0 (logT {/B;T) 3™k
O%B; = o(TK, R(wg,..,ws) =0o(T)

OJ5 0. AT ERE R IR By,

R(wy, ..., wp) =<
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T
L2 1/
> BRI Pr = EIIWZ‘ — Wi_q||
(0(P) B &8 [Mokhtari et al., 2016]

R(wj,...,wp) =4 0(Pr) & T & EE N0 [Yang et al., 2016]
KO(,/TBT) "M&P; < Br

> 164527 KB [Zhang et al., 2017]

Oaf HPEEs | o, .
e g 5P = ) IWE Wiy

O =F5m "™ H -1 R AR =

m FEPINEATIE
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3

> B4 % (Dynamic Regret) [Zinkevich, 2003]
T T
R(uy, ...,ur) = z fr(we) — 2 fe(uy)
t=1 t=1
Ouy, ..., ur AT 4

i A 10 R

2. AN

RQW, . wﬂ—th(wt) Zﬁ(wt)
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3

> B4 % (Dynamic Regret) [Zinkevich, 2003]
T T
R(uy, ...,ur) = z fr(we) — 2 fe(uy)
t=1 t=1

Ou,, ..., up NS HIR R 4

COE LB T
R(uy, .., ur) = 0 (VT(L + Pr))
T
VR Pr = z”ut — Ue_q||

O HEFPIIARNEE, SRR E /D
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> A& IR (Dynamic Regret) [Zinkevich, 2003]
O7E 2B EE R B
R(uy, ..., ur) = 0 (VT(1+ Pp))
HrhPr =Y olue — e [P KE
> AT DTHR [Zhang et al, 2018]
OE RN 1 alSm kg ~ 74
R(uy, ..., us) = Q (\/T(l T PT))
Oi% 1t 1 PRI 45 > Hik——Ader
Ry, ..., ur) = 0 (T(L + Pp))

\|
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Ader [Zhang et al, 2018] ITEAN..N!%

> 1% 0 AR
1. BB KEPr = ¥iollu — a4l € [0,TD]
2. NP — AN B EUE R AL T, BT R
3. W TCREVESI A ERITA B 5 BRI

> VLR
P =TD |=| EABETH@O=1) | a ks
4 N\ 4 N %}:&
P = TD/2 ) = \ TELRFHEE T (n = 1/2) |
[ m=1 o wmmErRe=-1T) J

B HLH Pr EXRHEIE TUEIA
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» Ader [Zhang et al, 2018]
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R(uy, ..., u;) = O (\/T(l i PT))
O7T NEREE. Pr=YT_,llu, — u,_q || NERFRK

O PR B S a) @A B 14 &

» Sword,,..; [Zhao et al, 2020]
m P lpE R e f K

1. Iﬂ%ﬁgg: FT/J\

2. RARAE:  Grb

Ry, ..., ur) = 0 (\/(T+ Py + min(Fr, Gp))(A + Pp))

T

Fr zift(ut): Gt ZE
t=1

t=2

sup [|Vfi(w) — Vft—1(W)||%

https://cs.nju.edu.cn/zlj
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> MRS R, (w) = [wTx, — v
IR 457 56

0.025

Ader

0.02

0.015

0.01 f

instantanneous loss

0 500 1000 1500 2000 2500 3000 3500 4000
t
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> AR R, (w) = |wTx, — y,

O Stk

cumulative loss
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Ader
—=-=0GD R 1
Il
r -
/
----- -'
I’ -
/
7T
L4
/ .
7
/
L e
l’ et
/
L
l’ |
!
ot -
/
7
ll -
500 1000 1500 2000 2500 3000 3500

t

4000

LAVIDA

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

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



'e;'qA (3) LAluIm

\\l

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

> B R B EL, (W) = (WX — y0)? + 2 [|wl2
IZFHNENPS

3
2520

= Ader
=== 0GD

-
(4]
T

instantanneous loss
—
L]
=gl

0.5F

: L&L :
0 500 1000 1500 2000 2500 3000 3500 4000
t
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> B R B EL, (W) = (WX — y0)? + 2 [|wl2

N ESAETPS

1.6

14F

-
(8]
T

cumulative loss
o o o o
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o
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=== 0GD
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> AL N HITEZ T 2]
O 1 R S ) B mt
O& 1 F RO (\/T(l + PT)) . A EEAder [Zhang et al, 2018]
O i) ABUAH 22 i) 5722 Sword . [Zhao et al, 2020]
> Ak TAE
OO 7] FH R 25085 o1 B Joid 2 T 3 e 263 1k
v BRI, FREIYIEE
ODynamic Regret with Switching Cost [Chen et al., 2018]

T T
> (few) + lIwe = weaID = ) (feuy) + llue = wey )
t=1 t=1
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