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.- Offline Learning

Traditional (offline) learning

Training
Data

v

[ Data ]—> Model “—P[ OutputHApplications]

/

Challenge: Real-time stream data

— Evolving / Concept drift

— Constraints in terms of memory and running time

— Tradeoff between Accuracy and Efficiency

— Distributed application and Result visualization H




.- Online Learning

Online learning

. L | _truth |
: ----------- > Model | | it :

s

[_D;m—b[ Prediction ]—>[ Output ]—>[ Application ]

Model update, real-time, scalability




.- Online Learning

Online learning task

Forr=1,2,....,T
*Recetve Xy

*Predict 7, = sgn(fi(xy))
*Receive Yt
» Suffer loss £(y:, ft(x¢))

*Update  f(x) — fiy1(x)

Goal: To minimize:

1
Z( (Ye, fr(x¢)

=]




.- Theoretical Analysis

We wouldn’t
cover this toda

Regret analysis

— Given all the data, we could find the optimal classifier,
denoted as

fEH

T
f*=arg minz L(ye f(x0))
t=1

— Online learning regrets that why wouldn’t I choose the
f* at the first place.

T
1
regret == > (L(ye, fex) = LG, £ (x0)
t=1

— We wish the regret to be small and bounded, and 1t’s no-

regret if
J - regret(T)
im —

i D n




.- Online Learning

Applications

Finance

Recommende
Systems

Internet

Computer
. Security

Vision
Multimedia
Search




.- Online Learning

Online update

— When to update model?
— Mistake driven
— Confidence in prediction

— How to update model?

— Re-training ? x
— Basically,

Wt —_ Wt—l +A




.- Linear Classifier Revisit
From Batch to Online

— Minimize the sum of the functional margins (-_-!)
of those misclassified data points.

Decision

_+" Boundary f(X) = Sing(Wx + b)

. —1,x<0
SIgN(X) =141 % > 0

L(w,b) = — Z y;(wx; + b)

X{EM




.- Stochastic Gradient Descent Revisit

— Stochastic approximation of the gradient descent method
for minimizing an objective function that is written as a
sum of differentiable sub-functions:

min ; fi(x)

SGD: xU) = x(k-1) _ tkg,(,k_l)(x)

m
GD: x) =xtD -, z g¥ V() where g P earV
i=1




.- Perceptron Revisit

SGD for perceptron

— Objective

Lw,b) = — z y;(wx; + b)

XiEM
— Solver
VwL(w,b) = — Z yix;  VpL(w,b) = — z Vi
X{EM Xi€EM
— Update

W« W+ yyX; b < b+vyy;




.- Perceptron Revisit

SGD for perceptron

—_— Wi & W — Xy

Wt_|_1 — W+ Xt




.- Online Perceptron

SGD for online update

1. Start with the all-zeroes weight vector w; = 0, and initialize  to 1.

2. Given example x, predict positive iff w; - x > 0.
3. On a mistake, update as follows:

e Mistake on positive: w, | <— wW; + X.

e Mistake on negative: wyi; «— w; — X.

t<—1t+1.




.- Online Perceptron

Novikoff Theorem

e For linearly separable dataset

e Marginisy
® x| <R
o
e Then, ° o

2\ 2 o
® Hmistakes < (;) o

e #update = #mistakes




.- Bayesian Conjugate Revisit

Conjugate prior

— If the posterior distributions p(6|x) are in the same
family as the prior distribution p(8), the prior and
posterior are then called Conjugate Distributions

— The prior is called a Conjugate Prior for the

likelihood function

O

Example: Toss a coin
Priori: Beta(a, B) |
_ikelihood: Bernoulli(p)

Posteriori: Beta(a + heads, § + tails)




.- Bayesian Online Learning

Sequential update

prior | likelihood function

4 R

Observed
0 0.5 1 0 0.5 1 (X’Y)
. J
posterior l
Posterior
0 0> 1 [ Applications ]




.- *Bayesian Online Learning For
Non-conjugate Prior

*Online Bayesian Probit Regression

— Linear Gaussian model (Kalman Filter) with Y; = {1, —1}

P(X¢|X¢-1) P(Y¢X¢) P(Xo) Example

Discrete State DM e Any I Hidden Markov Model
Linear Gaussian DM | N(AX,_; +B,Q) N(HX;+CR)  N(ug, &) Kalman Filter
Non-linear i )
f(X—1) g(X) f(Xy) Particle Filter

Non-Gaussian DM

— KL divergence to approximate Gaussian posterior




Only talk
about the
Linear part

.- Online learning methods

Overview

» Linear methods

v" First-order algorithms (Perceptron, Passive-Aggressive)
v" Second-order algorithms (Confidence weighted)

v" Sparse online learning algorithms (FOBOS, RDA, FTRL)

» Non-linear methods

v' Kernel based online learning (Kernel perceptron)

v" Local online learning

v" Deep online learning (-_-!)

» *Multiclass online learning

» *Centralized/decentralized distributed online learning E




.- Prior Knowledge Revisit

Subgradient

— g Isasubgradient of f (not necessarily convex) at
x If

fO=fx)+vg" y—x) vy
f(x)

|

f(x)

-0.5 0.0 0.5 1.0 1.5 2.0

i' il | T | » T
L1 - T2 -2 -1 0 1 2




.- Prior Knowledge Revist

Strong duality and KKT

m r
Stationarity: 0 € df(x) + Z u;0h;(x) + z v;01;(x)

o

l Complementary: u;h;(x) =0 foralli ’ ]
Primal feasibility: h;(x) <0, [;(x)=0 forallij
Dual feasibility: u; =0 foralli

s.t. hj(x) <0, i=1..m.

4
min f(x) 2 N\
1
i(x)=0, j=1...r °

‘1 ~0.5 0 0.5




.- First-order Methods

Passive-Aggressive learning (JMLR 2006)

— Utilizes the margin to modify the current classifier.
The update of the classifier is performed by solving a
constrained optimization problem

]
w11 = argmin = ||[w—w,||* st ¢(w;(x;,),)) =0.
welR”

— Passive when hinge loss Is zero, w1 = w, or

— Aggressively forces w, ; to satisfy the constraint
I #(wesq; (x5, y)) = 0regardless of the step-size
A\ required.




.- First-order Methods
s.t. hj(x)<0, i=1..,m

IJ(X)ZO, j=1....’r‘
KKT for PA problem

— Convex Problem + Slater’s condition
— Finding the problem’s optimum is equivalent to
satisfying the KKT condition

— So, for the aggressive part

1
L(W,T) = 5”“’—“%”2 + *c(l—yt(W-x,))

0 = Vuaws(w,T) = w—w; — X — W = W; + Ty X;.
|
L(T) = —ETEHK,;Hz - T(l—y;(w;-x;))
0L 1 — .
0= 200 — a4 (1-pex) = em i




.- First-order Methods

Label noise: PA-1 & PA-II
— Recall soft margin of SVM

.
+ -
+ -
. o, T R
+ + [+ 7
+ - -
1 5
Wit = argmin 2w —wi [~ + CE st L(w;(x4,))) <& and &> 0.
welR”

1
W1 = argmin - ||[w—w||* + C&* st L(w;(x,,):)) <E.
weR”




.- First-order Methods

PA & PA-I & PA-II

— Closed-form update

Wit < Wi + T Xy

= (FA)

T, = min { C, %} (PA-I)
£

T = TP (PA-II)

INPUT: aggressiveness parameter C > 0
INITIALIZE: w; = (0,...,0)
For t=1,2,...

e receive instance: x; € R”

e predict: j; = sign(w; - x;)

e receive correct label: y, € {—1,+1}

e suffer loss: /; =max{0, | — y;(w; - x;)}

e update:

1. set: ,
U= (PA)
’c[—min{C, #} (PA-I)
__ 4 }

U= (PA-TI)

2. update: w1 =W, + T VX,




.- First-order Methods

Meaning behind the update
— Closed-form update Step size

Wiyl < Wi + T Xy

Istake driven 1Z
U= T (PA)/'M stake driven step size
T = min{C , %} (PA-I)\J Mistake driven step size -
T = (Pa-In) 1 With a fixed upper bound

[ PAupdate with on new x, !
: (increasing dimension frommtom + T |
o With X = J1/(2C) and the |
‘. _ remaining T, - 1tozero)_ _ ;83




.- First-order Methods

PA for other tasks

Classification Regression Uniclass

YtW - Xt > € wex —y| <€ |lyr—w| <€
7y = (X¢, Yt) 7y = (X¢, Yt) Zt = Yt
(xt € R",yt € {-1,1}) (x¢ € R™,yt € R) yt € R"




.- First-order Methods

©Simple and easy to implement
©) Efficient and scalable for high-dimensional data

@ Relatively slow convergence rate

100

Accuracy
2

—_ PA
«+ Variance-Exact
-=- Variance

941 2 3 . 4 5
lteration 27




.- First-order Methods

Pros and Cons gy

7 S

Hmistakes < ;




Confidence weighted learning (ICML 2008)

— Add parameter confidence to linear classifiers
L_ess confident parameters are updated more
aggressively than more confident ones

.- Second-order Methods

S“"'. uj:parameter knowledge

h Xij: confidence (Z;; = 0)

Parameter confidence is updated for each new training
Instance so that the probability of correct classification
for that instance under the updated distribution meets a
specified confidence.




.- Second-order Methods

Confidence weighted learning (ICML 2008)

— Linear classifier
Yy=W-X w~ N(u, )
— Margin M

yi(w - x;)
M ~ N(y;(u - x;), x{ Zx;)
— Recall PA
1
w1 = argmin—|[|[w—w,|* st £(w;(x;,))) =0.
weR”

— Correct prediction for CW

Pryon(ps) M = 0] = Pry,onus) Y (w-x;) > 0]




.- Second-order Methods

Confidence weighted learning (ICML 2008)

— Recall PA

1
w1 = argmin—||[w—w,|* st £(w;(x,))) =0.
welR”

- CW
(Big1, Biv1) = min Dgp, (N (1, 2) [NV (1, %))
s.t. Pr{y; (w-x;) >0 >n.

— Further form (Never expected) N(0,1)

\

Pr(M <0] =Pr

A

M — pn —HM]
oM oM




.- Second-order Methods

Confidence weighted learning (ICML 2008)
- CW

(Big1, Biv1) = min Dgp, (N (1, 2) [NV (1, %))
s.t. Pr{y; (w-x;) >0 >n.

— Further form (Never expectec N(0,1)

\

Pr(M <0] =Pr

M — ppg —HM]
oM oM

[\

EM < e (1—m) = -2 (n)

O M

yi(p-x;) > ¢ ‘I’;—Emz‘ ¢ =0 (n) E




.- Second-order Methods

Confidence weighted learning (ICML 2008)
- CW

o1 det X2; 1 —1
(K41, 2i+1) = min 5 log ( dot 3 ) + ETI-" (Ei Z)

o (- ) 27 (- )
st yi(p-x;) > ¢ (x] Sw;)

— Optimization




.- Second-order Methods

Confidence weighted learning (ICML 2008)
— Update

W < W+yyixi

Algorithm 1 Variance Algorithm (Approximate)

Input: confidence parameter ¢ = ®~!(n)
initial variance parameter a > 0
Initialize: p;, =0 . Xy =al
fori=1.2... do
Receive ¢; € RY | y; € {+1, -1}

Set the following variables: Large confid
a; as in Lemma 1 small step

1

nce,
ize

J

i1 = My + r:};,-y.;E.;:E,- “.l_?_
ZE_JF'"I = 3 L 4+ 2a,0 X;iX; (17)
end for




.- Second-order Methods

Confidence weighted learning (ICML 2008)
— Update

W < W+yyixi

Input: confidence parameter ¢ = &~ (n)

Algorithm 1 Variance Algorithm (Approximate)
initial variance parameter a > 0 |

Initialize: p, =0, %) =al «; = max {v;,0}
fori=1.2... do
Receive @; € RY . y; € {+1,—1) __ —~(1420My)+ St 20080 (Mi—oVi)
Set the following variables: o 40V,
a; as in Lemma 1 M, =y (x;-p;) Vi=a 2z

;LI_H—H.J—F(} Ui 2T l’ll“}

;
z;+1 =2 Y 2040 XzX «7) Data-driven
end for parameters




.- Second-order Methods

Confidence weighted learning

— Cons
— Non-separable or label noise

(Bit1: Xiv1) = min Dgp, (VM (. %) [NV (15, %5))
s.t. Pr{y; (w-z;) >0] >n.

— Adaptive Regularization of Weight Vectors (AROW)
(NIPS’09)
C (1, %) =Dk, (N (11, 2) [N (1p=15Zt-1)) + Milnz (g2, 1t - @) + domy Ty
Squared hinge loss  %;; # 0

— Adaptive Regularization for Weight Matrices (AROWA)
(ICML’12)
— Handle the problem of X is a huge matrix E




.- Second-order Methods

Soft confidence weighted learning (ICML 2012)

— Adaptive soft margin
— Recall CW

1 det >2; 1
(Kiy1,Xit1) = min 7 log ( - ) +5Tr (57'%)

2 det X 2

+ () 27 (s p)

st yi(p-x) > ¢ (x) Ta;)
— _Adaptiv_e h_inge loss

A (N(M= 2); (x¢, yt)) = max (0= VXIEXt Ytk - Xt)

(B, Zm)—argrﬁll?m( (1, Z) |V (e, 2¢))

%)
st (N (p, 2); (xt,9¢)) =0, ¢ >0




.- Second-order Methods

Soft confidence weighted learning (ICML 2012)
— Adaptive soft margin (recall PA-I and PA-11)

— SCW-I

(uf-Jrla Zt+l) — al‘gliliél Dkr (N(ﬂ-: E)HN(_u.t, Et))
—  SCW-II

(”f+lazt+l) — argIEIZI:lDKL(N(ﬂZ)HN(#faEf))

+ OO N, 2); (x,we))




.- Second-order Methods

Soft confidence weighted learning (ICML 2012)

Algorithm | Large | Confi- Non- Adaptive
Margin | dence | Separable Margin
PA Yes No Yes No
SOP No Yes Yes No
IELLIP No Yes Yes No
CW Yes Yes No Yes
AROW Yes Yes Yes No
NHERD Yes Yes Yes No
NAROW Yes Yes Yes No
SCW Yes Yes Yes Yes




.- Second-order Methods

Soft confidence weighted learning (ICML 2012)

Algorithm 1 SCW learning algorithms (SCW)

INPUT: parameters C' > 0, n > 0.
INITIALIZATION: o = (0,..., 07, 2 =1.
o= Lo T do

Receive an example x; € R¢:

Make prediction: 7 = sgn(pe—1 - X¢):

Receive true label y;:

suffer loss 02 (N (-1, X1—1); (X¢, Y1)

if 0% (N (-1, 3—1); (¢, y;)) > 0 then

W W / ™ T -
KHi+1 = uf+0f!/rztxf~)4r+1 = Lf—-szlrxf Xt 2o

where o and 3; are computed by either Propo-
sition 1 (SCW-I) or Proposition 2 (SCW-II);

end if
end for

{Like PA-1 and PA-II

.

¥ SCW-I limits the blggest
step size

v SCW-II performs feature !

dimension extension




.- Second-order Methods

© Learn both first order and second order info
©) Faster convergence rate

Relatively sensitive to noise

Expensive for high-dimensional data (w and X)

Says we have a large matrix X' (and/or vector w),
any troubles??
— Slow prediction
— Storage issue




.- Sparse Online Methods

— Sparsity for high-dimensional data

— Faster online prediction X
— Test computational cost / test-time constraints 4 X,
— Space constraints

— y A3
Methods X
— Truncated gradient

- FOBOS EERERA %n
— RDA A% |, BiEB

_ ETRL Fire PMEFERIE!




.- Sparse Online Methods

— Three options for sparsity
— Simple Coefficient Rounding
— w; Is small because ?

Aggressive
— Ll1norm
— Gradient update has the forma + b
where a and b are two floats

4

imPOSsible/ A
— Black-box wrapper feature selection

S\,
— Run an algorithm many times which is

particularly undesirable with large data sets




Truncated gradient (JMLR 2009)

— Simple Coefficient Rounding
— Ift/K == 1do

f(WI) = Tg(Wf—nvlL(WhZf),e).

A

.- Sparse Online Methods

Ty(x,0)
/ To(v:.0) 0 if|v;|<6
vi,0) =
e V; otherwise

>

“
\
4
y

Sensitive K without
theoretical guarantee




.- Sparse Online Methods

Truncated gradient (JMLR 2009)
— L1 norm

n
W= argm$nzl(wazf) +glwl|:
=1

I

S (wi) =wi —mViL(w;,z;) —ngsgn(w;)




.- Sparse Online Methods

Truncated gradient (JMLR 2009)

— Combine simple rounding and L1 norm method
— Perform TG at Kt time with gravity parameter g; > 0

f(wi) — T] (W!‘_nVIL(Wf:Zi)pnghe)' gi = Kg

1 T4(X,,0)
Sparsity!
-0 -« i X
a 6 "max(()?vj—a) ifv; € [0,0]
Tl(vj,(x,e) = 4 min(O,vj-l—Ot) if‘v’j - [—9,0]

v, otherwise H




.- Sparse Online Methods

TG & simple rounding

If a > 0, TG = simple rounding

1 Ty(x,0) 1 T,(X,c,0)

/-99 | /ae |




.- Sparse Online Methods

TG & L1-norm

— If0=wand K =1
TG = L1 Norm

I T4(X,c,0)




.- Sparse Online Methods
Forward-Backward Splitting

FOBOS (JMLR 2009)

Minimize 2w' Aw + ¢"w + A JJw||,. True solution: w* = [—1 0] ".

Subgradient




.- Sparse Online Methods
Forward-Backward Splitting

FOBOS (JMLR 2009)

— ODbjectives
]:_(39 + Y(x)
loss regularization
— Motivation

— have the Iiterates w; attain points of non-
differentiability of the function ¥
— Two-step update

WD = w® — p©6O

12
WD = grgmin {% ”W . ACY)
7

+ n(t%)LP(W)}




.- Sparse Online Methods
Forward-Backward Splitting

FOBOS (JMLR 2009)

— ODbjectives

WD = w® — p©6©

1 1112 1
WD = grgmin > HW —weD| + 2w
W

1 1
W(t—l-l) — argmmén {E ”W — W(f) + n(f)G(t)“z 4 n(t+§)LP(W)}
¥

1
0EFM) =W —W® 4 n®OcO 4 n(”i)atp(vv)
1
WD) — © _ pOG® _ n(t+§) W (W (+D)) H




.- Sparse Online Methods
Forward-Backward Splitting

FOBOS-L1 (JMLR 2009)

Algorithm 4. Forward-Backward Splitting with L1 Regularization

1 input A

2 initial W € RN

3 for t=123..do

4 G = Vyt(W,Xx®,y®)
5 refresh W according to

w; = sgn(w; —n®g; )max {0» lw; —n®g;| - U(t%)/l}

end
/7 return W

New version of TG E




.- Sparse Online Methods
Regularized Dual Averaging @Microsoft

RDA (JMLR 2010)

— ODbjectives

@+ Y@

N - .
loss regularization

— Update

t
1 (t)
wt+l) = argmin {?Z(G(r), WY+ Y(W) + 5Th(W)]
r=1

v

Averaging Additional strong
gradient convex function

(B} : non-negative & non-decreasing input sequence E




.- Sparse Online Methods
Regularized Dual Averaging

RDA (JMLR 2010)

— Steps
— compute a subgradient

g = Vwl(ys, WtT X¢)

— Update average subgradient

__t—l_ _|_1
gt = ; gt—1 tgt

— Compute the next weight vector

_ By
(& w) + Allwll + Sl wll;




.- Sparse Online Methods
Regularized Dual Averaging

— Objectives <
| ) y
WD = argmin {?Z(G( L, W) + Allw ]l +2—\E”W”% BO =yt

Algorithm 5. Regularized Dual Averaging with L1 Regularization

1 inputy, A

2 initialize W e RN, G =0€e RN
3 jJor t=1,23..do
4

t—1 1
G=—G+ sze(w,x@, y®)

5 refresh W according to

- 0 if [g;l <A
Wi = {_\/7{(91 _ Asgn(gl)) OtherWiSe

6 end

7 return W E




.- Sparse Online

Methods

Regularized Dual Averaging

RDA-L1 V.S. FOBOS-L1

0

l

(0

.

1

if ‘Wi(t) _ n(t)gi(t) < 77(”7)/1

1
k(w-(t) —n(® g-(t)) — n(t+§)/1$ign (W(t) —n(® g-(t)) otherwise

[ [

if 1gil <A

/lsign(ji)) otherwise

Vit

RDA Use the cumulative mean of gradients and it’s
more aggressive to obtain sparsity




.- Sparse Online Methods
Follow The Regularized Leader @Google

FTRL (AISTATS, 2011)

— Combine FOBOS (accuracy) and RDA (sparsity)

web search ads

104
-3
_ 10
5
-
[1+]
£
e
@ 107
=
[w]
=
e—e FTRL-Proximal
10'1_ b s RDﬁ
~ FOBOS
0.8205 08300 08305 08310 08315 08320 08325 0.8330
AUC




.- Sparse Online Methods
Follow The Regularized Leader

FTRL (COLT’10, AISTATS’11, KDD’13)
— Combine FOBOS (stabilization constraint) and

RDA (regularization)

FOBOS

AOGD

RDA
FTRL-Proximal

Ttt1
Tt
Tt

Tt

(A)

g1t - T
g1t - T
g1t - T

g1t - T

+ + + +

' Gradient part of |
loss function

(B)

$r1:4-1 -+ V(z
¢1.4—1 -+ VU(z

tW(x)
tW(x)

% Zs:l ||Q
Ly Q3

+ + £+

part of

regularization

©
225 1”@?(37
L Q@ 0
E(:t:
(

xr —

Additional
3 stabilization

D

Sub-gradient




.- Sparse Online Methods
Follow The Regularized Leader

FTRL with L1 & L2 norm

— ODbjectives

r
1 1 2
WD = argmin {G(”) W+ 4 |W]ly + A, 5 w15 + EZ a® ||\w - W(S)”z}

s=1

1
learning rate l
0 \ if |2(9] < 2,

w.(tﬂ) _

t
L
- (/12 + Z o) ) (zl.(t) — Alsgn(zi(t))) otherwise
\ )




.- Sparse Online Methods
Follow The Regularized Leader

FTRL with L1 & L2 norm

Algorithm 1 Per-Coordinate FTRL-Proximal with L, and
Lo Regularization for Logistic Regression

# With per-coordinate learning rates of Eq. (2).

Input: parameters a, 3, A1, Ag _ i -
(Vi € {1,...,d}), initialize z; =0 and n; =0 Per-coordinate Iearnlng
fort=1to T do rate Nei

Receive feature vector x¢ and let I = {i | z; # 0} '

For 7 € I compute Q

MNe,i = :
0 if [2;] < A1 | \/ t 2
o {—(ﬁm—i + )\2) (zi —sgn(zi)A\1) otherwise. B Zs—l Ys,i

Predict p+ = o(x¢ - w) using the w; ; computed above

Observe label y; € {0,1} Says feature i varies a lot,

for allz € I do ] )
gi = (pt — yi)x; Fgradient of loss w.r.t. w; (Iarge gl‘adlen’[), then it

oi = L( /i + g2 — Vi) #equals ) 1 should have a large n; ;

t,i - MNe—1.4
Zi & 2 + gi —OWt;
n; < n; + gf

end for
end for




.- Further Topics
*Non-linear Online Learning

Online kernel learning

— Objectives

ft() — Z Oégyffﬂ?(xf, ) Jf— Kernel

Decision FUNCHion  — Margin Boundary *==****"*

Mapping

— Challenges'™ Nl

— Unbounded support vectors éoriéinﬁecal‘gé?oeB R
— Methods

— SV removal (NIPS’03, NIPS 05, Machine Learning’07)

— SV projection (ICML’08)

— SV merging (1CDM’09)

— Kernel approximation (JMLR’16)

B B
f(x) = Z aik(X;, X) & Z aiz(x;)  z(x) = w ' z(x) H
i=1 i=1




— ldea

— Although data is not always globally linearly separable,
it’s still possible that they are locally linearly separable

— Jointly learning multiple local hyper-planes

.- Further Topics
*Non-linear Online Learning

Local online learning (Pattern Recognition’15)

W, =W+ U,

. Prototype
== Pos. sample
= Neg, sample

. Prototype

== Pos. sample
= Neg, sample

LY
A"
'e "\ +

.' Prototype

o= Pos. sample
= Neg. sample




.- Further Topics
*Multi-class Online Learning

Online multi-class learning

— ODbjectives
— Computes a similarity score between each prototype and the

Input Instance

— Methods
— Learn a function " for each of the classesr € Y
— Similarity-based margin loss

[ ({fi}lzk,xt,yt) = max(0,1 — r})

e = argmax fi (x) — argmax fi (x;)
rey TreY,r#y;




.- Further Topics

More 1ssues to deal with

— Centralized/Decentralized Distributed Online Learning




Online learning applications

— Online AUC Maximization (44A1°15)
— Cost-Sensitive online learning (/CDM’12, ICDM’15)

— On
— On
— On
— On
— On
— On
— On

Ine collaborative filtering (/CDM’05)

Ine metric/similarity learning (/CDM’15, ICML’12)
Ine multi-task learning (JMLR ’14)

iIne manifold learning (PKDD '08)

Ine semi-supervised learning (4A4AI’11)

Ine time series prediction (JMLR’13)

Ine NMF (CIKM16)




.- Take Home Messages

Online learning

— What is online learning
— Regret analysis ?
— Update rule

— When to update

— How to update

— Several famous methods
— First-order (PA, PA-1, PA-II)
— Second order (CW, SCW, AROW)
— Sparsity (RDA, FTRL)

— Focus on the online algorithms of your field or interests




Thanks

By HC




