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As of 2011, the global size of

By 2014, it's anticipated

40 ZETTABYTES Its estimated that data in healthcare was there will be
[ 43 TRILLION GIGABYTES ] O 2005 2.5 QUINTILLION BYTES estmatesi10.be 420 MILLION
of data will be created by @) [ 23 TRILLION GIGABYTES | ‘1 50 EXABYTES WEARABLE, WIRELESS
ﬁﬁg;:mmé:&asse of 300 22 o of data are created each day [ 161 BILLION GIGABYTES ] HEALTH MONITORS
LU
s 4 BILLION+
HOURS OF VIDED

6 BILLION are watched on
YouTube each month
PEOPLE

have cell
phones

You

5 1A

400 MILLION TWEETS

are sent per day by about 200
million monthly active users

30 BILLION
PIECES OF CONTENT

are shared on Facebook

every month
Qoo

Most companies in the
U.S. have at least

100 TERABYTES
100,000 GIGABYTES ]
of data stored

WORLD POPULATION: 7 BILLION
Volume,

The New York Stock Exchange Modern cars have close to

big Poor data quality costs the US

captures : @R 100 SENSORS economy around
1TB OF TRADE - ) ( that monitor items such as = ) TRILLIC
INFORMATION ( \ fuel level and tire pressure don't trust the information

Y they use to make decisions

during each trading session

Velocity

B

Veracity
ANALYSIS OF 4.4 MILLION IT

el iy e UNCERTAINTY
STREAMING DATA sl o sprt LERTAS

By 2016, it is projected in one survey were unsure of

there will be how much of their data was
18.9 BILLION inaccurate

NETWORK

CONNECTIONS

YYYyYyYyyYyyYyvyyyy
e LTTTITTTIT

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

http://www.ibmbigdatahub.com/infographic/four-vs-big-data https.//cs.nju.edu.cn/zlj
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» Facebook
024755k

e A

CONDUCTS
. LSERS WATCH

R

):IL

INSTAGRAM

» Google
057075 R &

» Amazon
028.3 /534 7H 5%

> YouTube
0069.4 73 /)Nif AR A

https://www.socialmediatoday.com/news/what-happens-on-the-internet-every- https//cs.nju.edu.cn/zlj
minute-2021-version-infoeraphic/607586/
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F 2% 2] [Cesa-Bianchi and Lugosi, 2006]

fort=1,2,..., Tdo
1. LR KwW, € W

RIS, 4T R ()

end for

- = | R +_I/Nt € R
\/‘\J\/\

N—

/

FEAR(x, ye) € R X {1} ' |
15 f(w) = max(1 — y,w'x,,0)

https.//cs.nju.edu.cn/zlj
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F 2% 2] [Cesa-Bianchi and Lugosi, 2006]

fort=1,2,..., Tdo
1. LR KwW, € W

RIS, 4T R ()

2. “EIMEBERIKR (W), FEEHTw,
end for

- E%ﬁk)ﬁ\% ft(Wt) ’ E%ﬁ W,
\/\J;

N—
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F 2% 2] [Cesa-Bianchi and Lugosi, 2006]

fort=1,2,..., Tdo
1. ek FEkw, e W

RIS, 4T R ()

2. “EMERIUKR (W), T HTw,
end for

> BRIRR

T
> fe(wo)
t=1

O &5/ Me R FR R

LAVIDA

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

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



A4 5] LAVIDA
~

z& % - Learning And Mining from DatA

http://lamda.nju.edu.cn

> £ 2% 2] [Cesa-Bianchi and Lugosi, 2006]
fort=1,2,..., Tdo
1. FEEFER KW, e W
[F, A F RS, ()
2. FAMBERZWKRS (W), FHEFTw,

end for Ht B2 5]
> 1B& (Regret)
T 4 T A
Regret = 2 fr(we) — vgég} Z fr(w)
t=1 . t=1 y
O &5 /)M T3
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> £ 2% 2] [Cesa-Bianchi and Lugosi, 2006]
fort=1,2,..., Tdo
1. FEEFER KW, e W
[F, A F RS, ()
2. FMERZIR (W), HHEHw,

end for
> 1B& (Regret)
T
Regret = Eft(wt) — mln th(w) =o(T)
t=1

O 5 /) P T R
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> AL (Perceptron) [Rosenblatt, 1958]

fort=1,2,..., Tdo
1. WRINZFEAR (X, i)
2. WH y,(wix,) =0

Wit1 = Wt
3. &0

Wi = We + ViXy
end for

O 2503 £ 10 1T 29 I BV Bl

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



Classic Paper
Prize of 2013

TR

-_—0

> TEZ6 19 14L [Zinkevich, ICMLOZ(?OB] ‘}

fort=1,2,..., T do

1. 2B W, € W \\ﬁo
[F S, X F IR ()

2. “EMERIUKR (W), T HTw,
end for @
Of. ()& MR WElES

> F5 FTFER AR AR
O, 58 ™ ek A . 550V R %
O T R ZELR R . FEZR 42K
OBENLRAL QREESD)
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> 1E 256 & R B% [Zinkevich, ICML 2003]
fort=1,2,..., T'do

1. B 2R RS, ()

2. iﬁj@ﬁﬁﬁiﬁ(wt)

3. Hifw,

Wip1 = W = 0 Vi (wy)

end for

OV f,(w,) MR ELf, (D) FEw AR IR
On, > 022K

> B MO [R AT, RUOVBEPLEEEE T % (SGD)

https.//cs.nju.edu.cn/zlj
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> 'Y B8 %Y [Zinkevich, ICML 2003]
nﬁ%ﬁﬁ?%,m—Oamﬁ

ZT:ft(Wt) — mln th(w) = 0(\/_)

> N 375
O7E 2 [l
frw) = (w'x; —y)?, |WTXi — }’i|
Df@z/\ﬂé

fr(w) = max(0,1 — y;w'x;), log(1 + exp(—y;w'x;))

https.//cs.nju.edu.cn/zlj
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O M, ne = OQAMD

> N
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1

T

logT
> felw) - mmet(W)— <°§ )
t=1

195

O 7E 25 0% [m] )

A
filw) = (W'x; —y)* + > lw]|?

O 7 28 57 [ AL

A
fe(w) = max(0,1 — y;w'x;) + — [[wll®
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> T8 2 YT R 2 [Hazan et al., ML 2007]
OO 75 28 2= diyk (?‘éi&ﬂl%%{a L) \\

T

dlogT
th<wt)—mln2ft<w>— ( Zg>
t=1

> W5
O 7 2 /N — 3¢
frw) = (W'x; —y;)*

O 7E 212 45 0] )
fr(w) =log(1 + exp(—y;w 'Xx;))
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> /N S5 &L [Srebro et al., NIPS 2010]
OE2eH6 5 TR fEZ ik

_ - log Ly
Regret—O( LT), 0( 7 ), 0

" Best Student
— N2 5 I it
OL% HEI%AI} Y fr(w), Itﬂrﬂ_ﬁmlﬁk_fo Paper

> o 5 AR AL s AL [Chiang et al., COLT 2012]
O 72 P IR BL T % (OEGD)

Regret = 0 (\/V_T) 0, (loiVT), <d log Vr
OVy = Yo max||Vf(w) — Vi, (wW|*, BB

https.//cs.nju.edu.cn/zlj
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» Adam [Kingma and Ba, ICLR 2015]

https://arxiv.org » cs

[1412.6980] Adam: A Method for Stochastic Optimization - arXiv

by DP Kingma - 2014 - Cited by 126165 — Abstract: We introduce Adam, an algorithm for first-
order gradient-based optimization of stochastic objective functions, based on adaptive...

O 5 8 A~ 30
m; = gim;_; + (1 —p)Vfr(w;)
= Vi1 + (1 — .Bz)diag(vft(wt)[Vft(wt)]T)

W1 = W — \/_—V_l/z t
OB ORRR: B EAICHI0(VT) B RS
v R EE RGN H B AR B X

https.//cs.nju.edu.cn/zlj
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SkPRRz A |

> A (E 2855 > Sk
O/ EEBEE T, n, = 0(1/V0)
O5s 2 PR N, ne = 0(1/[At])
OFfaZY R 2 AALFTE, e = 0(1/[at])
+ + 4
NI o \ A

N T —

[

> WA ARG Z
e A FRISSEI R AT, 7 ZLEFEA F A 5HIA
O Fomih. FRBMRE, 07 EASMI S
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» Adaptive OGD [Hazan et al. NIPS 2008]
O FF MR AL sR IS R AR
1. FEZ W R 201 o
2. ELIEOGDA K
O6kf: ALt EmihZ=%8, ASLH
» MetaGrad [van Erven and Koolen, NIPS 2016]
O FFr R, FRZUY R 2N
1. MESERIE, FIE0o(ogT) MKy

3?(“’) = —n(wy — W) ' Vf(wy) + n?[(w, — w) TV f(wy)]?

2. iB170(log YN XKEL, Wit uBE LA LER
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» Maler [Wang et al., UAI 2019]
O ™ R 205 A0 R
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CZ] (w) = —n(we —w) 'V f(w,) + (nGD)*

O 55 17 R RO AR R

s (w) = —n(w, — w) TV £, (W) + n2G2|lw, — w]|?

0 5 80 M1 R RO AR R

£71(w) = —n(w, — W) TV £ (W) + n2[(w, — w) TV f,(w,)]?

MR KA | | s R T KL

c? (w) SZ’l w), ..., 527"’ (w)

TEALM R BT R ELVA

f’t“ (w), ..., 3?"’ (w)

—~ {3

TLHHAA

A Bk Fm T K
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» Maler [Wang et al., UAI 2019]

O ™ R 205 A0 R

¢, (W) = —n(w, —w)TVf (W) + (nGD)?
O 5 7 oR 2 AR 2
st (W) = —n(w, —w)TVfr(wp) +12G2[w; — >
u Ei= LR E S AP S
£l (w) = —n(we — W) TV f (W) + n?[(we — W) TV £ (w)]?

( Oo(VT), M

T
> felw) - mmet(w)—< 0(logT /2). i B %k
t=1 \0(d logT /a), FRELIMI KL

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



LAVIDA

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

FATHITTRR (2)

» UFO [Wang et al., AAAI 2020]
O H -y RO AR
(W) = —n(w — W) 'Vf(w) + D)2V fr(wp)|?
R S S AR R A TS
sy (W) = —n(w, — W) V£ (W) + n2|IV fe (W)l [lw, — w|?
O F5 250 M H A1 pR 208 A3 2L
2 (W) = —n(w, — W)V (we) + n?[(we — W) TV f(w,)]?
 o(VIy), MK

D fe(w) — min th(W) =1 0ogLy /2). BMEH
t=1 \0(d log L Ja), FEELIMI K%L

https.//cs.nju.edu.cn/zlj
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> MetaGrad. Maler. UFO &% 1) & R
OIS O vh B AR R, BB R HE

O %A &K, SXEVEICIER R R0 R
O A &I 2k 52 D1 BvE e H iz

OFR 1 /MR A5, LS E)

LA ) 35 R

> MR BEGIANISNRZE, BT R E R R

JLHIA

7

N

TRHEIR T RHIR2

...... TR EIEN
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> MetaGrad. Maler. UFO &% 1) & R
OIS O vh B AR R, BB R HE

O %A &K, SXEVEICIER R R0 R
O A &I 2k 52 D1 BvE e H iz

OFR 1 /MR A5, LS E)

LA ) 35 R

> M 3E A LA HEZEUSC [Zhang et al., ICML 2022]
O3 5 5| AT R, SRR S TR
0% REVEHBEAE R R, Ge% R A R 20 i
O ] DL E B0 FH A 1Y 25 A e 26 22 5] S
O T om A FE 2 e &, A] A4S BT ART a) A OC 1) 358 ek A
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N

e g 5 1 bR L K L EREINSE Ao S R
SRE L S Res (ZElog T~ A) (EElogT 1~a)
> G155 AT

1. JUHEPCSRHAZMmIR, TRk AL —prist st
2. LREFEHEOHERE, HERAINEHEE
3. X T amMANFE IR 2L, “EFElog TR REMAM
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T T
:E:/%(VVE)":E:/E
t=1 t=1

T T
O felw) = min ) f,(w)
t=1 t=1

A

VA

TLEIRIB IS
o RHZMER
« Ha TP

TR EIRIB T
« HEMNMT R EZRRH

1 ORpE
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> 26 TR R BRI 2N

(W) = (Vf (W), w — W)

O™ pR E ) — B el
I:IT)EH?TI%J*’“’V%EI’JL_TFE uéﬁﬁu BB

Zﬁ(wt) Eft<ut><21<wt> Zuut)——nwt—utnz

H A& st

BRI — e 9tV & fa ML

- \ T HEH
Z [ (W) — z lt(u;) =0 Z(lt(wt) — lt(ut))z
t=1 t=1 =1
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oL Batal) ANDA
> S AR PR A
(W) = (Vf (W), w — wy)
O " pR 25— B e
Djﬁﬁﬂ:itlﬁﬂ_‘kk/jﬂdﬁﬁlér ua&& AGSKE

Zﬁ(wt) Eft<ut><21<wt> Zuut)——nwt—utnz

> H A& IR - seE R om M & FREMTME
OAdapt-ML-Prod [Galllard et al.,, COLT 2014]
OSquint+L [Mhammedi et al., COLT 2019]
OMsMwC-Master [Chen et al.,, COLT 2021]

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



B RS LAVIDA

bitpslamadngu.odu oz
P AR R GO Vi = RS
O7E £ 462 N % (SC-OGD) [Shalev-Shwartz et al., 2007]
OADAGRAD [Duchi et al., JMLR 2011]
OO 75 25 99 VX BR R B% (OEGD) [Chiang et al., COLT 2012]
OSAdam [Wang et al., ICLR 2020]
O %2 1S20GD [Wang et al., AAAI 2020]

> B2 € [1/T,1]

/161222 2” N =]l T]
T’ T T — 11952

> NEAMEIGRFEIE . B EEAMIE — 5K
O & B V98 200ogT)
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> EH: XrFA-sRh BT, FFHA € [1/T,1]

T
;ft(wt) — mln 2 fr(w) = mln R(A /1) +0 (log 1/1og T)

A

OH AR R EE RN R, A<A1<24

> T2 EAR
OASMI0 (ZEED) AR % /b, AREEmR (e T LA 2

O <A < 2ABMEFER LA SME T RARIA
Omin R(A, 1) AT L2k AT AT i35 S50 (R st AR
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> EH: XrFA-sRh BT, FFHA € [1/T,1]

T
;ft(wt) — mln 2 fr(w) = mln R(A /1) +0 (log 1/1og T)

O

A

7

Horh AR Rk MR AR, 1<1<2]

> 2 E i BB B I A P AR S

1
Regret = O (I (min(log L7, log V) +loglog T))

O 75/ 153 SRR R P AR AL IR I 2 B
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NE R ERE Al
> 1 I R AR A a2t s
O£ £ 56 % R % (OGD) [Zinkevich, ICML 2003]
OADAGRAD [Duchi et al., JMLR 2011]
O 7E 22 5 V86 2 T % (OEGD) [Chiang et al., COLT 2012]
ORMSprop [Tieleman and Hinton, 2012]
OADADELTA [Zeiler, 2012]
OAdam [Kingma and Ba, ICLR 2015]
OAO-FTRL [Mohri and Yang, AISTATS 2016]
OSOGD [Zhang et al., ICML 2019]
> NRRAMEIE B IE — R 5K
OitHEERER0)
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> EE: XTI R A

T
th(wt) — m1n Eft(w) = m1n R(A) +JuH 2 I
t=1

O

\}

> AR E
O ¢ B0y s Ty 2%

= m[%n R(A)+ O (\/Tloglog T)

HorH AR 3R T BB BSA

HALFIME DL T &/ T loglog T

m B b oR  S n a= R S iR % Ly = R U - s
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> EE: XTI R A

T
zft(wt) - m1n Eft(w) = mln R(A) +yu B4 15
t=1

O

7N

= m[%n R(A)+ O (\/Tloglog T)

HorH AR 3R T BB BSA

> 2 E i BB B I A P AR S

Regret = O (\/L*T loglog T)

O 88 2 /N 451 Bt i 7
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m
e o SN K 1 A
> {l:jZ]J < fi(w) :EZ max(0,1 — inTXi) + > lw]|?
=1

——QQGD
--==SC-0GD
........ Adam \ E
150 L] SAdam | 1. USCHEResciim
T etrad L 5 SC-
o |[TTMaler OGDFISAdam
@ —USC
8100-
“ 2. USCHERef T
MetaGradf1Maler
50

6000 8000 10000
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USCMEAe il ¢
L% ZXSAdam
F1Adam

USCH:gEfL T
MetaGradf1Maler

1A 4+ EH |£L| N7
- \EL‘L éIZI ZI< IZI g
B I K 1w
F ALK fiw) = max(0,1 - ywx)
m
i=1
250 .
—e—OGD
--=-8C-0GD | =T
........ Adam _-——--—____-—"'__
2001—o-sAdam | .- l.
—a&— ONS
MetaGrad
150 | —»— Maler
k] ——USsC
| S
(@)]
2 ;
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50 |
OI 1 1 1 1
0 2000 4000 6000 8000 10000
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> MIE VELE SR HEZEUSC [Zhang et al., ICML 2022]
O &R EVEA R R 2, BEEAHINAEELRETE
O cFH R MR, BR B it k5t

> USCIIfIE
O it &k, AR a5
O G T-om Iy A FE AT eR £, 45 21 Tal J0AH 5 ) dad P 7
OX T e, A DLEUS /N D s i st

> AR ITAE
O+ fE 2100 B 5 1Y sR 2B e
O RS NEL: SR B i v 1ot K
00 26 5 42 117 8] e i ARE 2T
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The perceptron: a probabilistic model for information storage and organization in the brain.
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B Zinkevich, M. (2003)

Online convex programming and generalized infinitesimal gradient ascent.
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B Shalev-Shwartz, S. (2011)
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