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Introduction Big Data

Big Data
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Introduction Big Data Supervised Learning

Supervised Learning (I)

Input
@ A set of training data (X1,Y1), - - ., (Xn, Yn)

@ Classification v.s. Regression
@ Batch Setting v.s. Online Setting

Output
@ A function g(-) such thaty; ~ g(x;), Vi
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Introduction Big Data Supervised Learning

Supervised Learning (I)

Input
@ A set of training data (X1,Y1), - - ., (Xn, Yn)

@ Classification v.s. Regression
@ Batch Setting v.s. Online Setting

Output
@ A function g(-) such thaty; ~ g(x;), Vi

Given a testing point x, predict its label by g(x)
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Introduction Big Data Supervised Learning

Supervised Learning (I)

Input
@ A set of training data (X1,Y1), - - ., (Xn, Yn)

@ Classification v.s. Regression
@ Batch Setting v.s. Online Setting

Output
@ A function g(-) such thaty; ~ g(x;), Vi

Given a testing point x, predict its label by g(x)

Assumption
Training and testing data are independent and identically g;&

distributed (i.i.d.)
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Supervised Learning (lI)

Measure the discrepancy between y and g(x)
@ Binary loss: ¢(u,v) = 1(uv < 0)
@ Hinge loss: ¢(u,v) = max(0,1 —uv)
@ Squared loss: £(u,v) = (u —v)?
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Introduction Big Data Supervised Learning

Supervised Learning (lI)

Measure the discrepancy between y and g(x)

@ Binary loss: ¢(u,v) = 1(uv < 0)
@ Hinge loss: ¢(u,v) = max(0,1 — uv)
@ Squared loss: £(u,v) = (u —v)?

V.

Empirical Risk
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Introduction Big Data Supervised Learning

Supervised Learning (lI)

Measure the discrepancy between y and g(x)

@ Binary loss: ¢(u,v) = 1(uv < 0)
@ Hinge loss: ¢(u,v) = max(0,1 — uv)
@ Squared loss: £(u,v) = (u —v)?

Empirical Risk
n

Exy) [E(Y, 9(x))]
Our goal is to minimize the risk instead of empirical risk.
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Stochastic Optimization Time Reduction Space Reduction

What is Stochastic Optimization? (1)

Definition 1: A Special Objective [Nemirovski et al., 2009]
in f =E = P
min, 1w) = Ecle(w. )] = [ tw,)3P(¢)
where ¢ is a random variable
@ It is possible to generate an i.i.d. sample &1, &, ...
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Stochastic Optimization Time Reduction Space Reduction

What is Stochastic Optimization? (1)

Definition 1: A Special Objective [Nemirovski et al., 2009]
in f =E = P
min f(w) = E¢[ew. ] = [ dw. )P (e
where ¢ is a random variable
@ It is possible to generate an i.i.d. sample &1, &, ...

Risk Minimization

: _ T
min f(w) = Egey) [y, xw)]

¢(-,-) is aloss function, e.g., hinge loss ¢(u,v) = max(0,1 — uv)

@ Training data (X1,Y1),- .., (Xn,Yn) are i.i.d.

http://cs.nju.edu.cn/zlj Big Data
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What is Stochastic Optimization? (I1)

Definition 2: A Special Access Model [Hazan and Kale, 2011]

min, f(w)

@ There exists a stochastic oracle that produces unbiased
gradient m(-)

E[m(w)] = Vi (w)
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Stochastic Optimization Time Reduction Space Reduction

What is Stochastic Optimization? (I1)

Definition 2: A Special Access Model [Hazan and Kale, 2011]

min, f(w)

@ There exists a stochastic oracle that produces unbiased
gradient m(-)
E[m(w)] = Vf(w)

Empirical Risk Minimization

n

min f(w) = 1 > Uy ' w)
1

wew n <

@ Sampling a (xt,yt) from {(x;,yi)}iL; uniformly at random

1 n
E[VAye, X W)l = V= > L(yi, X' w)
=il
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9 Stochastic Optimization
@ Time Reduction
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Time Reduction (I)

Empirical Risk Minimization

1 n
min  f(w)==Y 4y, x;'w
e (w) n; (Yi, % w)

@ n is the number of training data
@ d is the dimensionality
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Time Reduction (I)

Empirical Risk Minimization

1 n
min  f(w)==Y 4y, x;'w
e (w) n; (Yi, % w)

@ n is the number of training data
@ d is the dimensionality

Deterministic Optimization—Gradient Descent (GD)
cfort=1,2,...,T do

Wiy g =Wr — e (5 200 VA(Y:, X we))

Wip1 = Mw(wi )
end for

P w bR
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Time Reduction (I)

Empirical Risk Minimization

1 n
min  f(w)==Y 4y, x;'w
e (w) n; (Yi, % w)

@ n is the number of training data
@ d is the dimensionality

Deterministic Optimization—Gradient Descent (GD)

cfort=1,2,...,T do
Wi g =W — e (F 200 VY, X[ W)
Wip1 = My(wy,,)

end for

P w bR

The Challenge

@ Time complexity per iteration: O(nd) + O(poly(d))
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Time Reduction (II)

Empirical Risk Minimization

1 n
min  f(w)==Y 4y, x;'w
. (w) n; (Yis % w)
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Time Reduction (II)

Empirical Risk Minimization

min  f(w) = %Zf(yi,xrw)

weWCRM

Stochastic Optimization—Stochastic Gradient Descent (SGD)

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

2:  Sample a training example (Xt,y:) uniformly at random
3: W{—l—l = Wt —ntVK(yt,XtTWt)

4 Wigg = Myy(we, )

5. end for
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Time Reduction (II)

Empirical Risk Minimization

min  f(w) = %Zf(yi,xrw)

weWCRM

Stochastic Optimization—Stochastic Gradient Descent (SGD)

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

2:  Sample a training example (Xt,y:) uniformly at random
3: W{—l—l = Wt —ntVK(yt,XtTWt)

4 Wigg = Myy(we, )

5. end for

The Advantage—Time Reduction
@ Time complexity per iteration: O(d) + O(poly(d))
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9 Stochastic Optimization

@ Space Reduction
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Space Reduction (1)

Nuclear Norm Regularized Optimization over Matrices

min  F(W) =f(W) + \|W]|.
W eWeRmxn
@ Matrix completion, multi-class classification
@ Both m and n can be very large

@ The optimal solution W, is low-rank
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Space Reduction (1)

Nuclear Norm Regularized Optimization over Matrices

min  F(W) =f(W) + \|W]|.
W eWeRmxn
@ Matrix completion, multi-class classification
@ Both m and n can be very large

@ The optimal solution W, is low-rank

Collaborative Filtering—Matrix Completion

g 2
Wi F(W) = (Z);Q(Wij — My)< + AW,
1)

@ There are m users and n items
@ M € R™*" s the underlying user-item rating matrix
@ Q is the set of observed indices
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Space Reduction (II)

Nuclear Norm Regularized Optimization over Matrices

min F(W)=f(W)+ AW
WGWERan
@ Matrix completion, multi-class classification
@ Both m and n can be very large

@ The optimal solution W, is low-rank
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Space Reduction (II)

Nuclear Norm Regularized Optimization over Matrices

min F(W)=f(W)+ AW
WGWERan
@ Matrix completion, multi-class classification

@ Both m and n can be very large
@ The optimal solution W, is low-rank

Deterministic Optimization—Gradient Descent (GD)

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

2 Wt/—i—l =S Wt = ntVF(Wt)
3 Wi = Mw(W/,4)

4: end for
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Space Reduction (II)

Nuclear Norm Regularized Optimization over Matrices

min F(W)=f(W)+ AW
WGWERan
@ Matrix completion, multi-class classification
@ Both m and n can be very large

@ The optimal solution W, is low-rank

Deterministic Optimization—Gradient Descent (GD)
1. fort=1,2,...,T do
2 Wt/—i—l =S Wt = ntVF(Wt)
3 Wi = Mw(W/,4)
4: end for

A\

The Challenge

@ Space complexity per iteration: O(mn)
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Space Reduction (llI)

Nuclear Norm Regularized Optimization over Matrices

min F(W)=f(W AW ]«
pomin F(W) = HW) AW
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Space Reduction (Il)

Nuclear Norm Regularized Optimization over Matrices

min F(W)=f(W AW ]«
pomin - F(W) = (W) + AW

Stochastic Proximal Gradient Descent (SPGD)

[Zhang et al., 2015]

1. fort=1,2,...,T do R
2 Generate a low-rank stochastic gradient G; of f(-) at W

1 12
W1 = argmin = IW — (W — nGo)||. +mAIW .
W eRmxn F
4: end for

5. return Wy;
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Stochastic Optimization Time Reduction Space Reduction

Space Reduction (llI)

Nuclear Norm Regularized Optimization over Matrices

min F(W)=f(W AW ]«
pomin F(W) = HW) AW

Stochastic Proximal Gradient Descent (SPGD)

[Zhang et al., 2015]

1. fort=1,2,...,T do R
2 Generate a low-rank stochastic gradient G; of f(-) at W

1 ~ 12
W1 = argmin = IW — (W — nGo)||. +mAIW .
W eRMxn F
4: end for

5. return Wy;

The Advantage—Space Reduction

@ Space complexity per iteration is low: O((m + n)r)
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Limitations

Iteration Complexity
The number of iterations T to ensure
f(wt) —minf(w) <
(wr) — minf(w) < ¢
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Stochastic Optimization Time Reduction Space Reduction

Limitations

Iteration Complexity

The number of iterations T to ensure
f(wt) —minf(w) <
(wr) — minf(w) < ¢

y

Iteration Complexity of GD and SGD

Convex & Smooth  Strongly Convex & Smooth

6D 0o(%) 0 (vrlog?)
SGD  0O(4) o(2)

A\
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Stochastic Optimization Time Reduction Space Reduction

Limitations

Iteration Complexity

The number of iterations T to ensure
f(wt) —minf(w) <
(wr) — minf(w) < ¢

y

Iteration Complexity of GD and SGD

Convex & Smooth  Strongly Convex & Smooth

6D 0(%) 10° O (vrlogl) 6k
SGD  0O(%) 10%2 o) &

A\
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Stochastic Optimization Time Reduction Space Reduction

Limitations

Iteration Complexity

The number of iterations T to ensure
f(wr) —minf(w) <e
we

Iteration Complexity of GD and SGD

Convex & Smooth  Strongly Convex & Smooth

G0 0(%) 10 O (vrlogl) 6y/r
SGD  0(%) 102 o(i) &

Total Time Complexity of GD and SGD

Convex & Smooth  Strongly Convex & Smooth

eb o(L) O (ny/xlog 1) ox
e ol o) o
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Stochastic Optimization Time Reduction Space Reduction

Limitations

Iteration Complexity

The number of iterations T to ensure
f(wr) —minf(w) <e
we

Iteration Complexity of GD and SGD

Convex & Smooth  Strongly Convex & Smooth

G0 0(%) 10 O (yrlogl) 6k
SGD  0(%) 102 o(i) &

Total Time Complexity of GD and SGD

Convex & Smooth  Strongly Convex & Smooth

6D 0(%) 10°n O (nyxlogl) 6ny/s _
SGD  0(3) 102 o(L) & A
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Introduction (1)

Empirical Risk Minimization in Distributed Setting

k n] . .
min f(w) = ;;aw,wx’i)
) (le,yi) .. (xjr]j,yﬂ,j) are training data in the j-th machine

|
i i
I
(x1,91) 3, y7)
(X}l1’y7%1 ) (ng’ylfz )
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Introduction (11)

General Distributed Optimization

wew

k

min f(w) = f,(w)
j=1

@ For empirical risk minimization, we have

fi(w) = z]: oyl w by
i—1

fi(w) fa(w)
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Outline

e Distributed Optimization
@ Distributed Gradient Descent
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Distributed Optimization Distributed Gradient Descent ADMM

Distributed Gradient Descent

Gradient Descent
- fort=1,2,...,T do
W{+1 = Wt — 1)t (Z}(zl Vi (Wt)>

W1 = HW(W{H)
end for

HRw bR
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Distributed Gradient Descent

Gradient Descent

- fort=1,2,...,T do
Wi =Wy — 7t (Z}‘zl Vi (Wt))

1
2
3 Wepg = Mw(wi, )
4: end for

1. fort=1,2,...,T do
2:  Server: send w; to each worker
Each worker j: calculate Vf(w;) and send it to server

3

4 Server: wi , =Wy — 1 (Z}‘Zl Vij (Wt)>
5

6

Server: Wi 1 = My(wg, )
: end for

http://cs.nju.edu.cn/zlj Big Data
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Server: send w; to each worker

!
Server

W Wi Wi

! \ |

Worker 1 Worker 2 e Worker k

fiw) fo(w)

http://cs.nju.e
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Distributed Optimization Distributed Gradient Descent ADMM

Each worker j: calculate Vfj(w;) and send it to server

i
Server

Vii(wy) Vi (wy) Vi (we)

\ i |

Worker 1 Worker 2 Worker k

fi(w) fo(w)

http://cs.nju. edu j Big Data
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Steps 3 and 4

t+1

@ Server: Wiy = Myy(wg,4)

@ Server: wy ; = Wi — 1 (E}(zl Vi (Wt))

i k
I Wi =W =1 z Vii(we)
=1

Server

Weipr = Iy (Weyq)
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Distributed Optimization Distributed Gradient Descent ADMM

Outline

e Distributed Optimization

@ ADMM
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Reformulation of the Distributed Optimization (1)

General Distributed Optimization
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Distributed Optimization Distributed Gradient Descent ADMM

Reformulation of the Distributed Optimization (1)

General Distributed Optimization
min f(w) = f,(w)

wew

v

Global Consensus Problem
K
min > fi(w))

vew wi =y}, =

A,

http://cs.nju.edu.cn/zlj Big Data


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

Distributed Optimization Distributed Gradient Descent ADMM

Reformulation of the Distributed Optimization (1)

General Distributed Optimization
min f(w) = f,(w)

wew

Global Consensus Problem
K
min > fi(w))

vew wi =y}, =

\

The Lagrangian

| A

Aoy Ak YEW, Wq,.. Wy 4

k
max min fi(wj) — (A, wj —y)
j=1

http://cs.nju.edu.cn/zlj Big Data
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Distributed Optimization Distributed Gradient Descent ADMM

Reformulation of the Distributed Optimization (11)

The Augmented Lagrangian [Roux et al., 2012]

1
max min fi(w;) — (A — |lwi — y|[?
A yewn w Z j j, W -y)+ 27” i — VY5
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Reformulation of the Distributed Optimization (11)

The Augmented Lagrangian [Roux et al., 2012]

1
max min f(Wi) — (i, Wi — — |lwi — y|[?
AMAkYGW’WMWKJ;,( i) = s wj =) + o= wi =3

Alternating Direction Method of Multipliers (ADMM)

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

3:

http://cs.nju.edu.cn/zlj Big Data
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Distributed Optimization Distributed Gradient Descent ADMM

Reformulation of the Distributed Optimization (11)

The Augmented Lagrangian [Roux et al., 2012]

1
max min f(Wi) — (i, Wi — — |lwi — y|[?
AMAkYGW’WMWKJ;,( i) = s wj =) + o= wi =3

Alternating Direction Method of Multipliers (ADMM)

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

3:  Each worker j: calculate th+1 and send it to server

. 1 :
witt = argvznlnfj(w) + 2—7Hyt +A —w[3, j=1,... .k

http://cs.nju.edu.cn/zlj Big Data
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Distributed Optimization Distributed Gradient Descent ADMM

Reformulation of the Distributed Optimization (11)

The Augmented Lagrangian [Roux et al., 2012]

1
max min f(Wi) — (i, Wi — — |lwi — y|[?
AMAkYGW’WMWKJ;,( i) = s wj =) + o= wi =3

Alternating Direction Method of Multipliers (ADMM)

1. fort=1,2,...,T do
2:  Server: sendy' and A to worker j = 1,...,k
3:  Each worker j: calculate th+1 and send it to server

. 1 :
witt = argvznlnfj(w) + 2—7Hyt +A —w[3, j=1,... .k
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Reformulation of the Distributed Optimization (11)

The Augmented Lagrangian [Roux et al., 2012]

1
max min f(Wi) — (i, Wi — — |lwi — y|[?
AMAkYGW’WMWKJ;,( i) = s wj =) + o= wi =3

Alternating Direction Method of Multipliers (ADMM)

1. fort=1,2,...,T do
2:  Server: sendy' and A to worker j = 1,...,k
3:  Each worker j: calculate th+1 and send it to server

. 1 :
witt = argvznlnfj(w) + 2—7Hyt +A —w[3, j=1,... .k

4:  Server: y'*1 =y, (% Z}(:l(WjH_l - 7)‘}))
5
6: end for
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Reformulation of the Distributed Optimization (II)

The Augmented Lagrangian [Roux et al., 2012]

1
max min f.(w by — |lwi — y|[?
AL, Ak YEW, W1, Wi jz: J( J) < J’ y> i 2'7H I y”2

Alternating Direction Method of Multipliers (ADMM)

1. fort=1,2,...,T do
2:  Server: sendy' and A to worker j = 1,...,k
3:  Each worker j: calculate th+1 and send it to server

. 1 :
witt = argvznlnfj(w) + ?!!yt +A —w[3, j=1,... .k

4:  Server: ytt! = ( ZJ L (wi 7)&))
5. Server: At“ A+ (y“rl t“) i=1,....k
6: end for

http://cs.nju.edu.cn/zlj Big Data
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Distributed Optimization Distributed Gradient Descent ADMM

Server: send y!' and Aj‘ toworkerj =1,...,k

i
Server

yoA yhA yo A

i i

Worker 1 Worker 2 Worker k

fi(w) fo(w)

Big Data
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Distributed Optimization Distributed Gradient Descent ADMM

Each worker j: calculate w}*l and send it to server

I

|
Server

t+1
wi w§+1 W]£+1

| ] | | | |
Worker 1 Worker 2 cee Worker k

”1—argmmwf1(W)+—||y +yAi - wi w

http://cs.nj j Big Data

. 1 i
with = argminf;(w) + Znyt +yA = wliE =1,
w Y

1
*1 = argmin,, fi, (W) + % ||yt +yAL - W";

K
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Steps 3 and 4

@ Server: y't1 =, (% Z}(:l( witt fyAt))

@ Server: At = Al + <yt+1 w}“),j =1,...,k

K
1
ytHl =11, EZ(WJFH _ yl}

Server
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Distributed Optimization Distributed Gradient Descent ADMM

Challenges of Distributed Optimization

@ Communication
@ Synchronization

i
Server

fi(w) f2(w)
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Full-Information Setting Bandit Setting

Outline

e Online Learning

Big Data
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Full-Information Setting Bandit Setting

Online Learning (1)

Online Learning [Shalev-Shwartz, 2011]
1. fort=1,2,...,T do

Receive a question x; € X

3. Predictp; € D

4: Receive true answery; € Y

5

6

Suffer loss £(yt, pt)
. end for

Question x;

V- Prediction p;

Answer y;
Learner Adversary
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Full-Information Setting Bandit Setting

Online Learning (I1)

Online Learning [Shalev-Shwartz, 2011]
1. fort=1,2,...,T do
2:  Receive a question x; € X
3. Predictp; € D
4: Receive true answer y; € Y
5. Suffer loss ¢(yt, pt)
6: end for

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

Receive a question x; € X C R4

3:  Predictp; € D = {0,1}

4. Receive true answery; € Y = {0,1}
5

6

Suffer loss (yt, pt) = |yt — pt| Y
: end for
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http://cs.nju.edu.cn/zlj

Full-Information Setting Bandit Setting

Online Learning (llI)

Online Learning [Shalev-Shwartz, 2011]
1. fort=1,2,...,T do
2:  Receive a question x; € X
3 Predict p; € D
4: Receive true answery; € Y
5. Suffer loss 4(y:, pt)
6: end for

v

Cumulative Loss

T
Cumulative Loss = Z 2(Yt, pt)
(=il
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Full-Information Setting Bandit Setting

Online Learning (VI)

Online Learning [Shalev-Shwartz, 2011]

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

2. Receive a question x; € X
3 Predict p; € D

4 Receive true answer y; €
5. Suffer loss 4(yt, pt)

6: end for

v

Regret with respect to a hypothesis class #

T T
Regret = > " /(yt,pt) — hme',)[‘t > Uy, h(x))
t=1 t=1

h:X—D

http://cs.nju.edu.cn/zlj Big Data
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Full-Information Setting Bandit Setting
Online Convex Optimization (1)

Online Convex Optimization [Shalev-Shwartz, 2011]

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

2:  Predict a vector w; € W C RY

3: Receive a convex loss function f; : W e R
4. Suffer loss fi(wy)

5. end for

- Vector wy
\/

\é" Loss f;

Learner Adversary
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Full-Information Setting Bandit Setting

Online Convex Optimization (II)

Online Convex Optimization [Shalev-Shwartz, 2011]
1. fort=1,2,...,T do
2:  Predict a vector w; € W C RY
3:  Receive a convex loss function f; : W € R
4:  Suffer loss f(wt)
5. end for

An Example—Online SVM

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

2:  Predict a vector w; € W C R

3:  Receive a training instance (X, Yt)

4. Suffer loss fy(wi) = £(yt, x{ W) = max(0, 1 — yix," wy)

5: end for s
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Full-Information Setting Bandit Setting

Online Convex Optimization (111)

Online Convex Optimization [Shalev-Shwartz, 2011]

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

2:  Predict a vector w; € W C R

3:  Receive a convex loss function f; : W € R
4:  Suffer loss f(wt)

5. end for

y

T T
Regret = > " fi(w) — mrlr;iVVth(w)
t=1 t=1
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Full-Information Setting Bandit Setting

Outline

e Online Learning
@ Full-Information Setting
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Full-Information Setting Bandit Setting

Online Gradient Descent

Full-Information Setting
The learner observes not only f;(w;) but also f;(-).
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Full-Information Setting Bandit Setting

Online Gradient Descent

Full-Information Setting
The learner observes not only f;(w;) but also f;(-).

Online Gradient Descent [Zinkevich, 2003, Hazan et al., 2007]

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

2:  Predict a vector w; € W C RY

3 Receive a convex loss function f; : W € R
4:  Suffer loss f(wt)

5 Wii1 = Wt — T]tVft (Wt)

6: end for
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Full-Information Setting Bandit Setting

Online Gradient Descent

Full-Information Setting

The learner observes not only f;(w;) but also f;(-).

Online Gradient Descent [Zinkevich, 2003, Hazan et al., 2007]

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

2:  Predict a vector w; € W C R

3 Receive a convex loss function f; : W € R
4. Suffer loss fi(wy)

5 Wii1 = Wt — T]tVft (Wt)

6: end for

Regret Bound [Zinkevich, 2003, Hazan et al., 2007]

T T
Regret = > ~fi(wi) —vrvgipvz:ft(w) =0 <ﬁ> or O (logT)
t=1

t=1
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Full-Information Setting Bandit Setting

Outline

e Online Learning

@ Bandit Setting
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Full-Information Setting Bandit Setting

Bandit Setting

Bandit Setting
The learner only observes not only f;(w;).

http://cs.nju.edu.cn/zlj Big Data


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

Full-Information Setting Bandit Setting

Bandit Setting

Bandit Setting
The learner only observes not only f;(w;).

Generation Process of the Loss Functions

@ Stochastic: fy,...,f; arei.i.d. sampled
@ Adversarial
@ Oblivious: f; is independent of wy, ..., W¢_q

@ Nonoblivious: f; may depend onwy, ..., W¢_1

http://cs.nju.edu.cn/zlj Big Data


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

Full-Information Setting Bandit Setting

Bandit Setting

Bandit Setting
The learner only observes not only f;(w;).

Generation Process of the Loss Functions

@ Stochastic: fy,...,f; arei.i.d. sampled
@ Adversarial
@ Oblivious: f; is independent of wy, ..., W¢_q

@ Nonoblivious: f; may depend onwy, ..., W¢_1

Types of the Loss Functions
@ Convex

@ Linear
@ Multi-armed Bandit

http://cs.nju.edu.cn/zlj Big Data
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Full-Information Setting Bandit Setting

Multi-armed Bandit

g M

2L

http://bl og. mynaweb. con wp- cont ent / upl oads/ 2013/ 02/ Bandi t s. png
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Full-Information Setting Bandit Setting

Stochastic Multi-armed Bandit

@ There are K arms
@ Successive pulls of arm i yield rewards X!, XJ, ...

@ Those rewards are i.i.d. according to an unknown
distribution D; with unknown mean ;

http://cs.nju.edu.cn/zlj Big Data
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Full-Information Setting Bandit Setting

Stochastic Multi-armed Bandit

@ There are K arms
@ Successive pulls of arm i yield rewards X!, XJ, ...

@ Those rewards are i.i.d. according to an unknown
distribution D; with unknown mean ;

The Learning Process
cfort=1,2,...,T do

pullarmi € [K]

Receive reward X' sampled from distribution D;
end for

[EEY

A wbd
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Full-Information Setting Bandit Setting

Stochastic Multi-armed Bandit

@ There are K arms

@ Successive pulls of arm i yield rewards X!, XJ, ...

@ Those rewards are i.i.d. according to an unknown
distribution D; with unknown mean ;

The Learning Process
1. fort=1,2,...,T do
2. pullarmi € [K]
3:  Receive reward X' sampled from distribution D;
4: end for

How to maximize the rewards?
Always pull arm i = argmax;cx wi
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Full-Information Setting Bandit Setting

Exploitation-Exploration Dilemma

A Naive Algorithm

Exploration

© Pull each arm m = 100 times

@ Calculate the estimated mean /; each arm i
Exploitation

O Always pull arm i = argmax;c k] /i

o a3 ©
N 127
o Uz @

@ A, ®
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Full-Information Setting Bandit Setting

Upper Confidence Bounds (1)

Exploitation-Exploration Tradeoff by Upper Confidence Bounds
(UCB) [Auer et al., 2002]

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

2 Puumﬂﬂzzamnmnem“naNHRuizuo

3:  Receive reward X' sampled from distribution D;

4:  Update the upper bound u; for arm i

5: end for
U3_
U= uzg” .
! | Az ©
. Uz
MG Uz ©
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Full-Information Setting Bandit Setting

Upper Confidence Bounds (1)

Exploitation-Exploration Tradeoff by Upper Confidence Bounds
(UCB) [Auer et al., 2002]

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

2. Pullarmi = argmax;ck; Ui (WHP, u; > 1)

3:  Receive reward X' sampled from distribution D;

4:  Update the upper bound u; for arm i

5. end for
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Full-Information Setting Bandit Setting

Upper Confidence Bounds (111)

Exploitation-Exploration Tradeoff by Upper Confidence Bounds
(UCB) [Auer et al., 2002]

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

2. Pullarmi = argmax;ck; Ui (WHP, u; > 1)

3:  Receive reward X' sampled from distribution D;

4:  Update the upper bound u; for arm i

5. end for
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Full-Information Setting Bandit Setting

Upper Confidence Bounds (1V)

Exploitation-Exploration Tradeoff by Upper Confidence Bounds
(UCB) [Auer et al., 2002]

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

2. Pullarmi = argmax;ck; Ui (WHP, u; > 1)

3:  Receive reward X' sampled from distribution D;

4:  Update the upper bound u; for arm i

5. end for
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Full-Information Setting Bandit Setting

Upper Confidence Bounds (V)

Exploitation-Exploration Tradeoff by Upper Confidence Bounds
(UCB) [Auer et al., 2002]

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

2. Pullarmi = argmax;ck; Ui (WHP, u; > 1)

3:  Receive reward X' sampled from distribution D;

4:  Update the upper bound u; for arm i

5. end for

== &
NNON
oo |
i~

w
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e Summary
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Stochastic Optimization

@ Stochastic Gradient Descent (SGD)—Time Reduction

@ Stochastic Proximal Gradient Descent (SPGD)—Space
Reduction

Distributed Optimization

@ Distributed Gradient Descent
@ Alternating Direction Method of Multipliers (ADMM)

Online Learning

@ Full-Information Setting—Online Gradient Descent

@ Bandit Setting—Exploitation-Exploration Dilemma
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