Michal Vialko, Sequel, Inria Lille - Nord Europe (HdR defense) S

M. Nicolas VAYATIS ENS de Cachan

M. Aurélien GARIVIER Université Toulouse

M. Gdbor LUGOSI Universitat Pompeu Fabra
M. Vianney PERCHET ENSAE ParisTech

M. Nicold CESA-BIANCHI Universita di Milano

M. Mark HERBSTER University College London
M. Rémi MUNOS DeepMind & Inria

Garant & Examinateur
Rapporteur

Rapporteur

Rapporteur

Examinateur

Examinateur WS

Examinateur —




) BE



Social MEdia
=
1392
-
g e

online social networks

N f
2 BAg



Q‘Q’ \5
FTGLE

online social networks

vvvvvv

Erdos number project

2 .. "‘/‘IJ)‘\“ :



Social MEdia

Berkeley's floating sensor network

Erdos number project



ALL MEN
MUST DIE

BROGET JORESS s

3 ;’.'“!'J ')'\’



s
b
? $ .-. T?{
J ) 5
‘ '

\l;

-iOR

4 2N



s A
o

e - =
ATY OF ARGELS

s BZ 0



Example of a graph bandit problem

e

0 e
Bogreet G e Cuckoo® Nes

dfellas
(S}fa(; Wars: Episode IV - A New Hope

The Matrix

Seven Samurai
City of God

Se7en

The Usual Suspects

he SﬂenCe .
I Nice Up on ; the Lambs

A Tlme o
S a In the W
Léop Wonderfm Lifo st

- o i

Ry

T A A



Example of a graph bandit problem

e

e £ - . 0 0
ST e movie recommendation

0 e
Bogreet G e Cuckoo® Nes

dfellas
(S}fa(; Wars: Episode IV - A New Hope

The Matrix

Seven Samurai
City of God

Se7en

The Usual Suspects

he SﬂenCe .
I Nice Up on ; the Lambs

A Tlme o
S a In the W
Léop Wonderfm Lifo st

- o i

Ry

T A A



Example of a graph bandit problem

et S > recommend movies to a single user
oS- mpy
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Example of a graph bandit problem

> goal: maximise the sum of the ratings
e O 0 o (minimise regret)
h
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Example of a graph bandit problem

The Matrix ;

Seven Samurai

City of God
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Example of a graph bandit problem

Goodfellas
Star Wars:
The Matrix
Seven Samurail
City of God
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Episode IV - A New Hope

s " Ligueon > ratings are smooth on a graph
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Example of a graph bandit problem

Nest
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GETTING REAL

Multi-armed bandit problem!
Worst case regret (to the best fixed strategy)

Matching lower bound (Auer, Cesa-Bianchi, Freund, Schapire 2002)
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GETTING REAL V2

Multi-armed bandit problem!
Worst case regret (to the best fixed strategy) Rr =0 (\/_ /\/_T>

Matching lower bound (Auer, Cesa-Bianchi, Freund, Schapire 2002)

How big is N? Number of movies on http:/www.imdb.com/stats: 3,792,257

informatics , mathematics
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GETTING REAL V2

Multi-armed bandit problem!
Worst case regret (to the best fixed strategy) Rr =0 (\/_ /\/_T>

Matching lower bound (Auer, Cesa-Bianchi, Freund, Schapire 2002)

How big is N? Number of movies on http:/www.imdb.com/stats: 3,792,257

Problem: Too many actions!

informatics , mathematics
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Rr = O (VNT )=

> Armindependence is too strong and unnecessary

> Replace N with something much smaller

> problem/instance/data depend

> example: linear bandits NtoD
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Ry = O (VNT ="

> Armindependence is too strong and unnecessary

> Replace N with something much smaller

> problem/instance/data depend

> example: linear bandits NtoD

> In this talk: Graph Bandits!
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> Armindependence is too strong and unnecessary

> Replace N with something much smaller
> problem/instance/data depend
> example: linear bandits NtoD

> In this talk: Graph Bandits!

> sequential problems where actions are nodes on a graph
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> Armindependence is too strong and unnecessary

> Replace N with something much smaller
> problem/instance/data depend
> example: linear bandits NtoD

> In this talk: Graph Bandits!

> sequential problems where actions are nodes on a graph

> find strategies that replace N with a smaller graph-dependent quantity

s Bz 7l



GRAPH BANDITS: GENERAL SETUP




GRAPH BANDITS: GENERAL SETUP

Every round t the learner




GRAPH BANDITS: GENERAL SETUP

Every round t the learner

> picksanode /e € [N]




GRAPH BANDITS: GENERAL SETUP

Every round t the learner
> picksanode It € [NV]

> incursaloss Yt




GRAPH BANDITS: GENERAL SETUP

Every round t the learner
> picksanode /e € [N]
> incursaloss £t

> optional feedback




GRAPH BANDITS: GENERAL SETUP

Every round t the learner

> picksanode It € [N]
> incursaloss £,

> optional feedback

The performance is total expected regret

- T

R+ = K Or ) — ¥y ;
T fg[a/\ﬁ _;( t,l; t, )_




GRAPH BANDITS: GENERAL SETUP

Every round t the learner

> picksanode It € [N]
> incursaloss £,

> optional feedback

The performance is total expected regret

- i
R+ = K Or ) — ¥y ;
T fg[a/\ﬁ ;( t,l; t, )_

Specific problems differ in




GRAPH BANDITS: GENERAL SETUP

Every round t the learner

> picksanode It € [N]
> incursaloss £,

> optional feedback

The performance is total expected regret

- i
R+ = K Or ) — ¥y ;
T fg[a/\ﬁ ;( t,l; t, )_

1. loss

Specific problems differ in




GRAPH BANDITS: GENERAL SETUP

Every round t the learner

> picksanode It € [N]
> incursaloss £,

> optional feedback

The performance is total expected regret

- i
R+ = K Or ) — ¥y ;
T fg[a/\ﬁ ;( t,l; t, )_

1. loss

Specific problems differin 2. feedback




GRAPH BANDITS: GENERAL SETUP

Every round t the learner

> picksanode It € [N]
> incursaloss £,

> optional feedback

The performance is total expected regret

- i
R+ = K Or ) — ¥y ;
T fg[a/\ﬁ ;( t,l; t, )_

1. loss
Specific problems differin 2. feedback

3. guarantees
9 BZeinl
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STRUCTURES IN BANDIT PROBLEMS

KERNELS

POLYMATROIDS

CONTINUQUS FUNCTIONS

: informatics , mathematics

Source 1 Source 2 Source 3 Source 4

L T e e e a1
B

SourceL-1

Source L




STRUCTURES IN BANDIT PROBLEMS

Source 1 Source 2

L T e e 1 L T e L e 1
B
4
4
4
L e s e L e s

i :_/\._ i
AN A o
Arm 1 rm 2 Arm 3
HJ\' N\
- )
Arm 4 Am5  etc...




STRUCTURES IN BANDIT PROBLEMS

Source 1 Source 2 Source 3 ource 4
LA N L S L L .luuluulll-
¥

TRUCTURES WITHOUT TOPOLOGY

i :_/\._ i
AN A o
Arm 1 rm 2 Arm 3
HJ\' N\
- )
Arm 4 Am5  etc...




STRUCTURES IN BANDIT PROBLEMS

Source 1 Source 2 Source 3 ource 4
LA N L S L L .luuluulll-
¥

TRUCTURES WITHOUT TOPOLOGY

i :_/\._ i
AN A o
Arm 1 rm 2 Arm 3
HJ\' N\
- )
Arm 4 Am5  etc...




SPECIFIC GRAPH BANDIT SETTINGS (2570




SPECIFIC GRAPH BANDIT SETTINGS (2570

Smoothness
Spectral bandits




hmmams/mammm
SPECIFIC GRAPH BANDIT SETTINGS zaa—

Smoothness
Spectral bandits

Side observations

On graphs




hmmams/mammm
SPECIFIC GRAPH BANDIT SETTINGS zaa—

Smoothness

side observations
Spectral bandits

On graphs




hmmams/mammm
SPECIFIC GRAPH BANDIT SETTINGS zaa—

Smoothness

side observations
Spectral bandits

On graphs



hinfo,mams,mammam
SPECIFIC GRAPH BANDIT SETTINGS zaa—

Smoothness
Spectral bandits

Rr = 5(0’\/W)

Side observations
On graphs

#relevant
eigenvectors

influence Maximisation
revealing bandits

" BB



SPECIFIC GRAPH BANDIT SETTINGS (2570

Independence

number

Smoothness
Spectral bandits

#r =0 (avTinT)

side observations
On graphs

#relevant
eigenvectors

Influence Maximisation
revealing bandits

" BB



SPECIFIC GRAPH BANDIT SETTINGS (2570

Independence

number

Smoothness
Spectral bandits

Rr = 6(0’%)

side observations
On graphs

#relevant
eigenvectors

noisy Side
observationg

ONn graphs
Rr =0 (Va"Tnn)

Influence Maximisation
revealing bandits

effective
Independence number




SPECIFIC GRAPH BANDIT SETTINGS (2570

Independence

number
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MV, Munos, Kveton, Kocak: Spectral Bandits for Smooth Graph Functions, ICML 2014
Kocak, MV, Munos, Agrawal: Spectral Thompson Sampling, AAAI 2014
Hanawal, Saligrama, MV, Munos: Cheap Bandits, ICML 2015

SPECTRAL
BANDITS

exploiting smoothness of
rewards on graphs




SPECTRAL BANDITS brsia

Assumptions

» Unknown reward function f : V(G) — R.

. . gt 0
» Function f is smooth on a graph. F ord o

» Similar preferences #% neighboring movies. )

The Matrix
Seven Samurai
City of God
SeT7en

The Usual Suspects

Tﬁe S[i}ence of the Lambg
. .
e ae Wgon a Time iy the Wegt
Légy, . nderfy] Life

Casab]an ZP T Ofessiona]

Desiderata

An algorithm useful in the case T < N!
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FLIXSTER DATA

Eigenvector 1

0.2
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Eigenvector 3

informatics g#”mathematics
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~1
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0
Eigenvector 6

e -~
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1

Eigenvectors from the Flixster data corresponding to the smallest
few eigenvalues of the graph Laplacian projected onto the first

principal component of data. Colors indicate the values.
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SPECTRAL BANDIT: LEARNING SETTING ZiH—
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Learning setting for a bandit algorithm 7
> In each time t step choose a node 7(t).
> the m(t)-th row x.(; of the matrix Q corresponds to the arm 7(t).
» Obtain noisy reward r; = x;(t)a* + €¢. Note: x; ™ = fr)

> &; is R-sub-Gaussian noise. VE € R, E[e*f] < exp (£?R?/2)

» Minimize cumulative regret

-
Rr = T max (x;a*) = » xpe”,

t=1
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Learning setting for a bandit algorithm 7
> In each time t step choose a node 7(t).
> the m(t)-th row x.(; of the matrix Q corresponds to the arm 7(t).
» Obtain noisy reward r; = x;(t)a* + €¢. Note: x; ™ = fr)

> &; is R-sub-Gaussian noise. VE € R, E[e*f] < exp (£?R?/2)

» Minimize cumulative regret

-
Rr = T max (x;a*) = » xpe”,

t=1

(an we just use linear bandits?
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LINEAR VS. SPECTRAL BANDITS V10X 77
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» Linear bandit algorithms

» LinUCB (Li et al., 2010)
» Regret bound =~ DV TInT
» LinearTS (Agrawal and Goyal, 2013)

» Regret bound =~ DV T InN

Note: D is ambient dimension, in our case N, length of x;.
Number of actions, e.g., all possible movies — HUGE!

» Spectral bandit algorithms

» SpectralUCB (Valko et al., ICML 2014)

» Regret bound =~ dv TInT
» Operations per step: D*N
» SpectralTS (Kocék et al., AAAI 2014)

» Regret bound =~ dv T InN
» Operations per step: D? + DN

Note: d is effective dimension, usually much smaller than D.

I ,'
16 =g aaus
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SPECTRAL BANDITS - EFFECTIVE DIMENSION 2LaA—
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» Effective dimension: Largest d such that

Ay < I
= log(l+ T/A)

(d—1)

» Function of time horizon and graph properties
» )\;: i-th smallest eigenvalue of A.

> \: Regularization parameter of the algorithm.

Properties:
» d is small when the coefficients \; grow rapidly above time.
» d is related to the number of “non-negligible” dimensions.
» Usually d is much smaller than D in real world graphs.

» Can be computed beforehand.



SPECTRAL BANDITS - EFFECTIVE DIMENSION

informatics , mathematics
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effective dimenstion

0 50

Barabasi—Albert graph N=500
T T T T T T T T T 1 .1

Flixster graph: N=4546

10

effective dimenstion
»

100 150 200 250 300 350 400 450

d <D

500

Note: In our setting T < N =D.
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SPECTRALUCB REGRET BOUND -y
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» d: Effective dimension.
» A: Minimal eigenvalue of A = A + Al
» C: Smoothness upper bound, ||a*||an < C.

> xja* € [—1,1] for all /.

The cumulative regret Rt of SpectralUCB is with probability 1 — ¢
bounded as

Rt < <8R\/dln)\+T+2ln1—l—4C+4> \/dTIn)\+T.

A 0 A

g .
'Ig i ;l‘f.lu.)'\'-
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SPECTRALUCB REGRET BOUND 2LA—
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Barabasi—Albert N=250, basis size=3, effective d=1

» d: Effective dimension. o |2z imer
> A: Minimal eigenvalue of A = AL + Al. 5.
S
> C: Smoothness upper bound, [|a*|[p < C. | _liiccememsemsnssT

> xja* € [—1,1] for all /.

The cumulative regret Rt of SpectralUCB is with probability 1 — ¢
bounded as

Rt < <8R\/dln)\+T+2ln1—l—4C+4> \/dTIn)\+T.
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SPECTRALUCB REGRET BOUND 2LA—

Barabasi—Albert N=250, basis size=3, effective d=1

» d: Effective dimension. -

> A: Minimal eigenvalue of A = A, + Al

» C: Smoothness upper bound, |[a*||pn < C. TR |
> xJa* € [-1,1] for all i ST e

The cumulative regret Rt of SpectralUCB is with probability 1 — ¢
bounded as

Rt < 8R\/dln¥+2ln%—l—4C+4 \/dTlﬂ?.

Movielens: Cumulative regret for randomly sampled users. T = 100
T 1T T T T T T T T T T T T T

n
a
o

1T 1T T 1T T T 1T T 1T T T T T T T T T T 1T T T T T T T T 7
I SpectralUCB
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Kocak, Neu, MV, Munos: Efficient learning by implicit exploration in bandit problems
with side observations, NIPS 2014

Kocak, Neu, MV: Online learning with Erdos-Rényi side-observation graphs

GRAPH
BANDITS
WITH SIDE
OBSERVATIONS

exploiting free observations from
neighbouring nodes
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Full Information setting Bandit setting
» Pick an action (e.g. action A) » Pick an action (e.g. action A)
> QObserve losses of all actions » Observe loss of a chosen action
> Rr = O(T) > Rr = O(VNT)
Hedge EXP3

1 £
23 BZayins
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> ELP (Mannor and Shamir 2011)

® EXP3 - with “LP balanced exploration”

o undirected O({(xT)) € -needs to know G

® directed case 0({(cT)) - needs to know Gt
> EXP3-SET (Alon, Cesa-Bianchi, Gentile, Mansour, 2013)

o undirected 0(,(xT)) @ does not need to know Gt
> EXP3-DOM (Alon, Cesa-Bianchi, Gentile, Mansour, 2013)

o directed O({(xT)) €@-need to know Gt

® calculates dominating set




EXP3-IX: IMPLICIT EXPLORATION
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Algorithm 1 EXP3-1X

1: Input: Set of actions S = |[d],

2:  parameters v € (0,1),n, > Ofort € [T].
3: fort =1to 7T do R

4:  wy,; < (1/d)exp (—neLs—q1 ;) fori € [d
5:  An adversary privately chooses losses ¢; ;

for ¢ € [d] and generates a graph G

6: Wt — Z?:l Wy 4

7o P we i /Wy

8: Choose I; ~ p; = (pt,h “ e ,pt,d)

9:  Observe graph G,
10:  Observe pairs {¢, ¢; ; } for (I; — i) € G,
11: Ot < Z(j—m’)EGt Dt,j fori € [d]
12: by 4 otitjfyt]l{(h%i)EGt} for i € |d]
13: end for

informatics g#”mathematics

Zia—
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Algorithm 1 EXP3-1X

1: Input: Set of actions S = |[d],

2:  parameters v € (0,1),n, > Ofort € [T].
3: fort =1to 71 do

4wy < (1/d)exp (—mLe_1;) fori € [d
5. An adversary privately chooses losses /; ;

for ¢ € [d] and generates a graph G

6: Wt — Z;l_l Wt 4

7o P we i /Wy

8:  Choose It ~py = (pt.1,---,Pt.d)

9:  Observe graph G,
10:  Observe pairs {¢, ¢; ; } for (I; — i) € G,
11: Ot < Z(j—)i)EGt Dt,j fori € [d]
12: by 4 otitifyt]l{(h%i)EGt} for i € |d]
13: end for

Optimistic bias for the loss estimates
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Algorithm 1 EXP3-1X

1: Input: Set of actions S = |[d],

2:  parameters v € (0,1),n, > Ofort € [T].
3: fort =1to 71 do

4wy < (1/d)exp (—mLe_1;) fori € [d
5. An adversary privately chooses losses /; ;

for ¢ € [d] and generates a graph G

6: Wt — Z;l_l Wt 4

7o P we i /Wy

8:  Choose It ~py = (pt.1,---,Pt.d)

9:  Observe graph G,
10:  Observe pairs {¢, ¢; ; } for (I; — i) € G,
11: Ot < Z(j—m’)EGt Dt,j fori € [d]
12: by 4 otitjfyt]l{(h%i)EGt} for i € |d]
13: end for

Optimistic bias for the loss estimates

. 0,
E[gtgl] — t7 ’yOt7i _I_ 0(1 - Otai) — gtai e 7Y

Ot.i +

Y
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Algorithm 1 EXP3-1X

1: Input: Set of actions S = [d],
2:  parameters ; € (0,1),n; > Ofort € [T]. .=77 77
3: fort =1to 71 do R
4:  wy,; < (1/d)exp (—neLi—q ;) fori € [d] :
5:  An adversary privately chooses losses ¢; ; -
for ¢ € [d] and generates a graph G
6 Wt <— Zj 1 Wi i
7o P we i /Wy
8:  Choose It ~py = (pt.1,---,Pt.d)

9:  Observe graph G;
10:  Observe pairs {i,¢; ;} for (I; — i) € Gy \
11: Ot i < Z(j—)i)EGt Pt 5 fori € [d] ";

i e . :
12: by 4 Ot’:jr% L1, —iyeq,) fori € d] :
13: end for . s

Optimistic bias for the loss ostimates """

) 0,
E[l:,i] = o _:L Wot’i +0(1 — o) = e — Et,iot .1 N < b,
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Algorithm 1 EXP3-IX

1: Input: Set of actions S = [d],
2: arameters v; € (0,1), 7, >0fort € [T]. .-=°° "
T fort e 1o T oo 0. 1) it T ~® noneed to know the graph before
4: wy,; < (1/d)exp (—neLy—q ;) fori € [d]
5:  An adversary privately chooses losses ¢; ; -
for ¢ € |d]| and generates a graph G,
6 Wt <— Zj 1 Wi i
7o P we i /Wy
8 Choose It ~ py = (Pr.1,---,Pt.d)

9:  Observe graph G,
10:  Observe pairs {1, ¢, ;} for (I, = i) € Gy \
I 0ni <= X (jmieq, Prg fori € [d] H

by 4 :
12: by 4 Ot’:_’i_%]l{(lt%i)egt} for i € [d]

13: end for .. .

*
L
o~

Optimistic bias for the loss ostimates """

A l;
E[l:,i] = o _t:|_ fyot,i +0(1 — o) = le,i — Et’iOt _v_l_ N < Ly
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Algorithm 1 EXP3-IX

1: Input: Set of actions S = [d],

2:  parameters ; € (0,1),n: > 0 fort € [T].
3: fort =1to 7T do R

4:  wy,; < (1/d)exp (—neLi—q ;) fori € [d] :
5:  An adversary privately chooses losses ¢; ; -

for ¢ € [d] and generates a graph G :

6: Wt < chjl_l Wt 4

T pri — we i/ We

8:  Choose It ~py = (pt.1,---,Pt.d) E
9:  Observe graph G,
10:  Observe pairs {¢, ¢; ; } for (I; — i) € G,
11: Ot < Z(j—m’)EGt Dt,j fori € [d]
12: by 4 Otit_ﬁ% ﬂ{(lt_ﬁ;)egt} for i € [d]
13: end for ..
Optimistic bias for the loss estimates

A 0,
E[¢: ;] = d fyot,i +0(1 — o) =4l —ly

Ot.i +

Y
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Algorithm 1 EXP3-IX

1: Input: Set of actions S = [d],

2: arameters v; € (0,1), 7, >0fort € [T]. .-=°° "

2. parametersy, € (0,1) " T ~® noneed to know the graph before

4: wy,; < (1/d)exp (—neLy—q ;) fori € [d]

5:  An adversary privately chooses losses £;;: 5 no need to estimate dominating set
for ¢ € |d]| and generates a graph G,

6: Wi« ch&l 1 Wi : :

7o pri < wei /W > no need for doubling trick

8:  Choose I} ~ p; = (pt,1,---,D¢,d) '

]

9:  Observe graph G,
10:  Observe pairs {¢, ¢; ; } for (I; — i) € G,

11: Ot,’i < Z(_j—)’L)EGt pt)j fOI‘Z & [d] “‘
i ; :

12: ét,i $ ot,i—,i—fyt]l{(lt%i)EGt} for i € [d]

13: end for . V.

Optimistic bias for the loss estimates
A Ct i Y

Ell; ;| = ’ ori +0(1—o0;;)=¥;; — Vs ; <l
[4+,] Ot,i+7t’+( ti) = {t, Yoy b
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Algorithm 1 EXP3-IX

. Input: Set of actions S = |[d|,

arameters v, € (0,1),n, > Ofort € [T]. .-
 fort e 1toT do 0, 1), % T ~® noneed to know the graph before

wy ;< (1/d) exp (—ntzt_l,i) for ¢ € |d]

An adversary privately chooses losses Etz ' B no need to estimate dominating set
for ¢ € [d] and generates a graph G

SN

> no need for doubling trick

]

o0 J N
S
/]\
S
<
=

. Choose I, ~py = (pt.1y---,Pt.d)
9:  Observe graph Gy . :
10:  Observe pairs {1, ¢, ;} for (I, = i) € Gy . > no need for aggregation

11: Ot,’i < Z(]—)Z)EGt pt)j fOI‘Z c [d]

]

]

L
%
]
]
$
$
)

L

12: ét,z’ $ Otiti’}’t ]1{(It—>73)€Gt} for i € [d]

13: end for . V.

Optimistic bias for the loss estimates
A Ct i Y

Ell; ;| = ’ ori +0(1—o0;;)=¥;; — Vs ; <l
[4+,] Ot,i+7t’+( ti) = {t, Yoy b
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Algorithm 1 EXP3-IX

1: Input: Set of actions S = [d],

2:  parameters ; € (0,1),n: > 0 fort € [T].

3: fort =1to 7T do R

4:  wy,; < (1/d)exp (—neLi—q ;) fori € [d] :
5:  An adversary privately chooses losses ¢; ; -

for ¢ € [d] and generates a graph G :

6: Wt <— chjlzl Wt 4

T pri — we i/ We ‘
8:  Choose It ~py = (pt.1,---,Pt.d)

9:  Observe graph G; E
10:  Observe pairs {¢, ¢; ; } for (I; — i) € G,
11: Ot,’i < Z(_j—)’L)EGt pt)j fOI‘Z c [d]
12: by 4 Otit_ﬁ% ﬂ{(lt_ﬁ;)egt} for i € [d]
13: end for .
Optimistic bias for the loss estimates

A 0,
]E[Et,,-] — Ot,it:|,‘ fyot,i + 0(1 — Ot,i) — gt,i — ft,i

)

“» no need for aggregation

: informatics , mathematics

0000000000000000000000000000000000000000000000

<> noneed to know the graph before

> no need to estimate dominating set

> no need for doubling trick
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FOLLOW UPS V7

> EXP3-IX (Kocak, Neu, MV, Munos, 2014)
o directed 0(J(xT)) & does not need to know G
> EXP3.G (Alon, Cesa-Bianchi, Dekel, Koren, 2015)

® directed 0(/(xT)) & does not need to know G
® mixes uniform distribution
® more general algorithm for settings beyond bandits

® high-probability bound

> Neu 2015: high-probability bound for EXP3-IX W

2 RGN
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» Play action V, € S C {0,1}N, |lv|][; < mfromallve S

» Obtain losses V ¢,

» Observe additional losses according to the graph
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COMPLEX GRAPH ACTIONS (2570

» Play action V, € S C {0,1}N, |lv|][; < mfromallve S

» Obtain losses V ¢,

» Observe additional losses according to the graph

-
Rt = O (m3/2\ ;at> — 0 (m3/2\/§77_)

s ;
27 Bgqas\



Kocak, Neu, MV: Online learning with noisy side observations, AISTATS 2016

GRAPH
BANDITS WITH
NOISY SIDE
OBSERVATIONS

exploiting side observations that can
be perturbed by certain level of noise
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NOISY SIDE OBSERVATIONS (25000

Want: only reliable information!

1) If we know the perfect cutoff €

> reliable: use as exact

» unreliable: rubbish

then we can improve over pure bandit setting!
2) Treating noisy observation induces bias

What can we hope for?
O(ViT)< O(Va'T) <0 (VNT)

(an we learn without knowing either € or o¢*?

29 BZ27008
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6: weighted graph
G(€): graph with only € edges
oX(€): independence number of G(¢)

effective independence number of G:
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NOISY SIDE OBSERVATIONS (25000

> (: weighted graph
> ((&): graph with only € edges
> ot(€): independence number of G(g)

> effective independence number of G:

aF = min o(€)
ecl0,1] €2
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Threshold estimate R+ = O ( a* T)

¢yl
Z(T) o 2L {St,(It,q;)Zcft}
t.e

N
Z]:]- pt’j8t7(j7i)]:[{8t,(j,i)ZEt} _|_ ’yt

> effective independence number of G:
\ . afe)
O = 11111
ecl0,1] €2

= £
30 B22000



NOISY SIDE OBSERVATIONS (25000

Threshold estimate Ry = O ( a* T)

ol
Z(T) N t,z {St7(It,i)Z€t}
t.i

N
Z]:]- pt’j8t7(j7i)]:[{8t,(j,i)ZEt} _|_ ’yt

WiX estimate Rr =0 ( — T)

St,(I,i) * Cti

li = —x
D =1Puisi, Gy e
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Threshold estimate R+ = O ( a* T)

ci 41
Z(T) o £y {St,(It,q;)Zcft}
t,e

N
Z]:]- pt’j8t7(j7i)]:[{8t,(j,i)ZEt} _|_ ’yt

WiX estimate Rr =0 ( — T)

Sta(-[tai) . Ct,’l,

B =
D =1Puisi, Gy e

Since o < «a(l1)/1 < N

incorporating noisy observations does not hurt
O (VaT) <O (VNT)
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NOISY SIDE OBSERVATIONS

Threshold estimate R+ = O ( a* T)

ci 41
Z(T) o £y {St,(It,q;)Zcft}
t,e

N
Z]:]- pt’j8t7(j7i)]:[{8t,(j,i)ZEt} _|_ ’yt

WiX estimate Rr =0 ( — T)

Sta(-[tai) . Ct,’l,

B =
D =1Puisi, Gy e

Since o < «a(l1)/1 < N

incorporating noisy observations does not hurt
O (VaT) <O (VNT)

But how much does it help?

W 5
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EMPIRICAL RESULTS ZLaA—

EMPIRICAL oc* FOR RANDOM GRAPHS WITH 11D WEIGHTS

. Value of ¢ .

16 4 70
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Number of nodes Number of nodes Number of nodes
. 1 . 1 .
(a) U(0,1) weights (b) U(3,1) weights (c) U(0, 5) weights
Adaptive learning rate
600 T T T T
Exp3-WIX
t ----- Exp3
sogf e Exp3-IXb
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EMPIRICAL RESULTS (2505

inf (ou(e)/e?)

4
2
0 — .
10° 10' 0 10°
Number of nodes Number of nodes Number of nodes
. 1 . 1 .
(a) U(0,1) weights (b) U(3,1) weights (c) U(0, 5) weights
Adaptive learning rate
600 T T T
= Exp3-WIX
----- Exp3
500 \‘ —mim Exp3-IXb

====Exp3-IXt

> special case: if s;jis either 0 or € than ox*= ot/ €2

> For this special case, there is a matches
O({(cxT)/€) by Wu, Gydrgy, Szepesvari, 2015.

Cumulative regret

0 0.2 0.4 0.6 0.8 1
Value of ¢
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> (uestion: (an we learn faster without Rnowing the graphs?
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NEW DIRECTIONS: UNKNOWN GRAPHS!

® example: social network provider has little incentive to reveal the graphs to
advertisers
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NEW DIRECTIONS: UNKNOWN GRAPHS!

> Answer: Cohen, Hazan, and Koren: Online learning with feedback graphs without
the graphs (ICML 2016, to appear)
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NEW DIRECTIONS: UNKNOWN GRAPHS!

® NO! (in general we cannot, but possible in the stochastic case)




NEW DIRECTIONS: UNKNOWN GRAPHS!

> Rest of the talk:




NEW DIRECTIONS: UNKNOWN GRAPHS!

® Erdds-Renyi side observation graphs




NEW DIRECTIONS: UNKNOWN GRAPHS!

® [nfluence Maximisation




Kocak, Neu, MV: Online learning with Erdos-Rényi side-observation graphs
UAI 2016 (to appear)

BANDITS WITH
ERDOS-RENYI
OBSERVATIONS

side observations from graph
generators
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Every round t the learner
> picks a node
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> receives feedback

o forl
® for every other node with probability rt

Is loss of i ohserved?
~ Oy il z’m

* 9 ’

bro Pri+ (1 —pei)ry

probability of picking i

probability of side observation
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Every round t the learner
> picks a node

> suffers loss for l;

> receives feedback

o forl
® for every other node with probability rt

Is loss of i ohserved?

5 Ot il i
t

Y

e P+ (

probability of picking i

probability of side observation
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Is loss of i ohserved?

Ot zét zm

0r . =
bt ptz 1_ptz T

probability of picking i
probability of side observation




> N-2 samples from Bernoulli(r:) ... R(R)
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> N-2 samples from Bernoulli(r) ... R(R)

> N-2 samples from ps ... P(R)
> 0(k) =P(k) + (1-P(k))R(k)
> G= min{k:0(R) =1} U{N-1}

> E[Gu] =1/ (Pn (1-pti)r)
gt,z’ = G404 by

Is loss of i ohserved?

Ot zgt zm

0 =
bt ptz 1_ptz T

probability of picking i
probability of side observation
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> N-2 samples from Bernoulli(r) ... R(R)

> N-2 samples from p ... P(R)
> 0(k) =P(k) + (1-P(k))R(k)

> Gy= min{k:0°(k) =1} U {N-1}

> E[Gt] = 1/(psi+(1-pti)rt)
Uri = GOy ily

Is loss of i ohserved?

Ot zét zm

i =
bt ptz 1_ptz T

probability of picking i
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> N-2 samples from py ... P(R)

> 0(k) =P(R) + (1-P(k)R(k)
> Gy= min{k:0°(k) =1} U {N-1}
> E[Gt] = 1/(psi+(1-pe)ri)
lri = GO ily

Is loss of i ohserved?

Oy il zm

%
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Pri+ (1 —pei)ry

probability of picking i

Lower bound (Alonetal. 2013)  Q(1/T/7)
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> N-2 samples from Bernoulli(r) ... R(R)

> N-2 samples from p ... P(R)
> 0(k) =P(k) + (1-P(k))R(k)

> Gy= min{k:0°(k) =1} U {N-1}

> E[Gt] = 1/(psi+(1-pti)rt)
Uri = GOy ily

Is loss of i ohserved?

Ot zét zm

i =
bt ptz 1_ptz T

Lower bound (alonetal. 2013 Vv T/r
probability of picking i ) ( T/r)
probability of side observation




Carpentier, MV: Revealing Graph Bandits for Maximising Local Influence, AISTATS 2016
Wen, Kveton, MV: Influence Maximization with Semi-Bandit Feedbach, (arXiv:1605.06593)

INFLUENCE
MAXIMISATION

looking for the influential nodes
while exploring the graph
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In each timestept=1,..., T

» learners picks a node k;

> set Sy, + of influenced nodes is revealed
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i
LT — Z |5kt,t‘
t=1 v BT



Unknown M = (p; ;)i j symmetric matrix of influences : : :
o . The number of expected influences of node k is

In each timestept =1, ..., T : by definition
» learners picks a node k;

ne=E[ISkell =) pry

> set Sy, + of influenced nodes is revealed oy
J<

)

Select influential people = Find the strategy maximising

LT — Z |5kt,t‘
t—=1

37 B221050



Unknown M = (p; ;)i j symmetric matrix of influences : : :
o . The number of expected influences of node k is

In each timestept =1, ..., T : by definition
» learners picks a node k;

re = E[|Sk¢l] = Zpk,j

> set Sy, + of influenced nodes is revealed oy
J<

Oracle strategy always selects the best

g r
E‘ L kT = arg max [&
€4 §

Z | Sk, t:| = arg max Trx
Select influential people = Find the strategy maximising

t=1
LT — Z |5kt,t‘
t=1
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Unknown M = (p;j )i ;j symmetric matrix of influences :

In each timestept=1,..., T

» learners picks a node k;

> set Sy, + of influenced nodes is revealed

®

Select influential people = Find the strategy maximising
T

Lr = Z |5kt,t

t=1

k™ = argmaxE

The number of expected influences of node Rk is

by definition
ne=E[ISkell =) pry
j<N

Oracle strategy always selects the best
T

Z | Sk t} = arg max Try

t=1

Expected regret of any adaptive, non-oracle
strategy unaware of M

E[Rr] =E[L7] - E[L7]
37 T
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> Ignoring the structureagain? (vVrTN) Regret of BARE

> BAndit REvelator: 2-phase algorithm 6 ( \/r TD )
>k %
> global exploration phase

® super-efficient exploration

® linear regret — needs to be short! > D* - detectable dimension

® oxtracts D«nodes (dEPEHdS on T and the SthCthE)

® good case: star-shaped graph

> bandit phase o have D = 1

® yses a minimax-optimal bandit algorithm (GraphMOSS) d it
® bad case: a graph with many

® hasa ‘square root” regret on D« nodes small cligues

x . . = l
> D« realizes the optimal trade-off! o theworst case: 3l nodes are

® (ifferent from exploration/exploitation tradeoff disconnected except 2
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EMPIRICAL RESULTS
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GLOBAL INFLUENCE MODELS (2576

> Kempe, Kleinberg, Tardos, 2003, 2015: Independence Cascades, Linear Threshold models



http://arxiv.org/abs/1605.06593

GLOBAL INFLUENCE MODELS (2576

® global and multiple-source models
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> Different feed-back models
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GLOBAL INFLUENCE MODELS (2576

® Full bandit (only the number of influenced nodes)



http://arxiv.org/abs/1605.06593

GLOBAL INFLUENCE MODELS (2576

® Node-level semi-bandit (identities of influenced nodes)
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GLOBAL INFLUENCE MODELS (2576

® Edge-level semi-bandit (identities of influenced edges)



http://arxiv.org/abs/1605.06593

GLOBAL INFLUENCE MODELS (2576

® hitp://arxiv.org/abs/1605.06593 (Wen, Kveton, MV)



http://arxiv.org/abs/1605.06593

GLOBAL INFLUENCE MODELS (2576

® |MLinUCB with linear parametrization of edge weights



http://arxiv.org/abs/1605.06593

GLOBAL INFLUENCE MODELS (2576

® Regret analysis for subset of graphs (forests, circles, ...)



http://arxiv.org/abs/1605.06593

GLOBAL INFLUENCE MODELS (2576

Kempe, Kleinberg, Tardos, 2003, 2015:
® global

Different feed-back models

® Full bandit

® Node-level semi-bandit

number of edge features
® Edge-level semi-bandit

® hitp://arxiv.org/abs/1605.06593 5(d0* E*n)

™

MLinUCB with linear parametrization of edge weights

® Regret analysis for subset of graphs (forests, circles, ...)

maximum cardinality of the

reachable edges

maximum ohserved relevance



http://arxiv.org/abs/1605.06593
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CONCLUSION AND NEW DIRECTIONS (570

Graph Bandits
> specific way of exploiting the problem structure to learn faster
> smooth rewards - spectral bandits, cheap bandits

> (noisy) side observations - informed bandits

> influence maximisation - revealing bandits
New directions (reducing assumption on graph knowledge even more) f.

> graph generators (BA, ... ), learning (with) communities - SBM

> crawling strategies (Krause et al.)
Not every structure is a graph

> some examples: polymatroids, kernels, (smooth) functions, no-topology structures
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