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Problem definition Learning setting

Learning setting
In each timestept=1,..., T

» Environment (adversary):

> Privately assigns losses to actions
» Generates an observation graph
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Problem definition Learning setting

Learning setting
In each timestept=1,..., T

» Environment (adversary):

> Privately assigns losses to actions
» Generates an observation graph

> Undirected / Directed
> Disclosed / Not disclosed
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Problem definition Learning setting

Learning setting
In each timestept=1,..., T

» Environment (adversary):

> Privately assigns losses to actions
» Generates an observation graph

> Undirected / Directed
> Disclosed / Not disclosed

» Learner:

» Plays action /; € [N]
» Obtain loss ¢;,, of action played
» Observe losses of neighbors of /;
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Problem definition Learning setting

Learning setting
In each timestept=1,..., T

» Environment (adversary):

> Privately assigns losses to actions
» Generates an observation graph

> Undirected / Directed
> Disclosed / Not disclosed

» Learner:

» Plays action /; € [N]
» Obtain loss ¢;,, of action played
» Observe losses of neighbors of /;

» Graph: disclosed
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Problem definition Learning setting

Learning setting
In each timestept=1,..., T

» Environment (adversary):
> Privately assigns losses to actions
» Generates an observation graph
> Undirected / Directed
> Disclosed / Not disclosed

» Learner:

» Plays action /; € [N]
» Obtain loss ¢;,, of action played
» Observe losses of neighbors of /;

» Graph: disclosed
> Performance measure: Total expected regret
T
Rt = max E e — e
icIN] ;( t,l; t,’)
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Problem definition Full information and Bandit setting

Full Information setting Bandit setting
> Pick an action (e.g. action A) > Pick an action (e.g. action A)
> Observe losses of all actions » Observe loss of a chosen action

» Ry =O(VT) » Ry = O(VNT)
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Problem definition Side observation - Undirected case

Side observation (Undirected case)

> Pick an action (e.g. action A)

> Observe losses of neighbors
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Side observation (Undirected case)

> Pick an action (e.g. action A)

> Observe losses of neighbors
Mannor and Shamir (ELP algorithm)

> Need to know graph

> Clique decomposition (c cliques)

> Rr=O(VcT)
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Problem definition Side observation - Undirected case

Side observation (Undirected case)

> Pick an action (e.g. action A)

> Observe losses of neighbors
Mannor and Shamir (ELP algorithm)

> Need to know graph

> Clique decomposition (c cliques)

> Ry = O(VeT)
Alon, Cesa-Bianchi, Gentile, Mansour

> No need to know graph

» Independence set of a actions

> Rr=0(\aT)
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Problem definition Side observation - Directed case

Side observation (Directed case)
> Pick an action (e.g. action A)

> Observe losses of neighbors
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Problem definition Side observation - Directed case

Side observation (Directed case)
> Pick an action (e.g. action A)

> Observe losses of neighbors

Alon, Cesa-Bianchi, Gentile, Mansour

Exp3-DOM

v

v

Need to know graph

v

Need to find dominating set

Rt = O(VaT)

v
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Problem definition Side observation - Directed case

Side observation (Directed case)
> Pick an action (e.g. action A)

> Observe losses of neighbors

Alon, Cesa-Bianchi, Gentile, Mansour
» Exp3-DOM
> Need to know graph
> Need to find dominating set
> Rr = O(VaT)
Our solution: Exp3-1X
> No need to know graph

> Rr=0(aT)
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Exp3 Algorithms in general

Exp3 algorithms in general

» Compute weights using loss estimates lﬁn;.
t—1

We,j = exp <—77 Z&,i)
s=1

> Play action /; such that

. Wt i Wt i
P(It:’):pt,i: =N
We Zj:l Wt,j

> Update loss estimates (using observability graph)
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Exp3 Algorithms in general

Exp3 algorithms in general

» Compute weights using loss estimates &7;.
t—1

Wy i = exp <—77 Z&,i)
s=1

> Play action /; such that

. Wt i Wt i
P(It:’):pt,i: =N
We Zj:l Wt,j

> Update loss estimates (using observability graph)

How the algorithms approach to bias variance tradeoff?
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Bias variance tradeoff Different approaches

Bias variance tradeoff approaches

» Approach of previous algorithms — Mixing

» Bias sampling distribution p, over actions

> p; = (1 — 7)p: + st — mixed distribution

> s; — probability distribution which supports exploration
» Loss estimates lﬁty,- are unbiased

> Approach of our algorithm — Implicit eXploration (IX)

> Bias loss estimates ¢; ;

> Biased loss estimates = biased weights
> Biased weights — biased probability distribution

» No need for mixing
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Bias variance tradeoff ELP
Mannor and Shamir - ELP algorithm
> E[2t7;] = {; ; — unbiased loss estimates

> Pé,i = (1 — ¥)ps,i + yst,; — bias by mixing

> s, ={s¢1, ..., SN} — probability distribution over the action set
St = argmax | min | s;; + Stk = arg max {min qn}
jeln \ ™ > jelny

St keN; ; e

> g:,; — probability that loss of j is observed according to s;
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Bias variance tradeoff ELP
Mannor and Shamir - ELP algorithm
> E[2t7;] = {; ; — unbiased loss estimates

> Pé,i = (1 — ¥)ps,i + yst,; — bias by mixing

> s, ={s¢1, ..., SN} — probability distribution over the action set
St = argmax | min | s;; + Z Stk = arg max {min qw}
St JEIN] KEN. . st JEIN]
3J

> g:,; — probability that loss of j is observed according to s;

» Computation of s;

» Graph needs to be disclosed
» Solving simple linear program

» Needs to know graph before playing an action
» Graphs can be only undirected
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Bias variance tradeoff Exp3-DOM

Alon, Cesa-Bianchi, Gentile, Mansour - Exp3-DOM
> E[@t,,-] = {;; — unbiased loss estimates

> p,; = (1 —7)pe,; + 7St — bias by mixing

> s; = {St1, ..., Sy} — probability distribution over the action set
1 ifieR; |R|l=r ~«
Sti = .
’ 0 otherwise.

» R — dominating set of r elements
» s; — uniform distribution over R
» Needs to know graph beforehand

> Graphs can be directed
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Bias variance tradeoff ~ Exp3-IX
Previous algorithms - loss estimates

/ Ly i]ok i if ¢ ; is observed
ti = i
0 otherwise.

t,i

R 0,
E[l: ] = Oiot,i +0(1— o) =¥y
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Bias variance tradeoff ~ Exp3-IX
Previous algorithms - loss estimates

b Ly i]ok i if 4; ; is observed
t,i — .
0 otherwise.

oy
E[Et :] =% Ot: + 0( Ot,i) = Et,i

t,i

Exp3-1X - loss estimates

7 Leif(0ri+ ) if ¢;; is observed
“ 7o otherwise.
B[] = — o+ 0(1— op)) = fos — lr—1— < ¢
t,i Ot,,“v"y t,i t,i) — tt,i t7l0t’i+'}/_ t,i

» No mixing!

. brezia~

Efficient learning implicit exploration in b t problems with side observations



Exp3 algorithms Analysis

Analysis of Exp3 algorithms in general

» Evolution of Wy q/W;

Ui

1 Wiia - 5 \2
—log —— W, = - (1 - 772 P, :et: 5 Zpt,i(gt,i) ,

N N
~ log W, log W, ~
E Pe,ile,i < [ gn 6 7 Hl] +g E pe,i(?e.i)?

> Taking expectation and summing over time

<]E['°gN]+1E
n




Exp3-1X Regret bound

Regret bound of Exp3-1X

T N T N
E |:Z Z pt,igt,i:| >E |:Z Z pt,i‘gt,i
Lower bound of B (optimistic loss estimates: E[{] < E[¢])
T T
-E [Z et,k] > -E [Z zt,k]
t=1 t=1

Upper bound of C (using definition of loss estimates)

n T N n T N p
E E (0, )2 d E _Pui
2 —1 pt,l(gt’l) :| =F |:2 oti + 7y

i=1 t=1 i=1

E
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Exp3-1X Regret bound

Regret bound of Exp3-1X

logN /1 Z L e
Rr< 2=+ (249) Y E|Y 2
! Ul 2 2 — o+

T N
Pt,i
Rr~0O IogNZE[ —ul
= L= oni Ty
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Exp3-1X Regret bound

Regret bound of Exp3-1X

logN /1 Z L e
Rr< 2=+ (249) 3By P
"=y 27 2 [,._1 Ori + 7

T

Rr~ 0|, |lgN) E
t=1

N
Pt,i

7 Ot +
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Graph lemma Statement

Graph lemma

> Graph G with V(G)={1, ..., N}
> d —in-degree of vertex i
» « — independence set of G

» Turan's Theorem + induction

N

1 N
— < 2al 4=
Zl—l—d,-—_ aog( +a>

i=1
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Graph lemma Application of lemma

Discretization
1

bi ~ R

YA A \ P2 P2

L L N L N

N N

N A
Pt,i Pt,i Pt,i
K — b S — b — + 2
; Ot,i + 7 i—1 Pt,i + Z_jeNl__ Pt.j +7 ; pt,i + ZjEN,-_ Pt.j
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Graph lemma

Application of lemma

Discretization
1

i ~ .

— P11 P1 \ P2 P2

N N b N 5
t,i t,i t,i
) — E S — k) —
— o+ ; P+ Xjen- Prit ; Pr.i+ Xjen- Pr
Note: we set M = [N?/v]

Efficient learnin,

implicit exploration in b

t problems with side observations
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Graph lemma Application of lemma

Discretization
1

bi ~ R

AR A \ P2 P2

N N N

Pt,i Pt,i Pr,i
— = ; < A : — +2
= Onit ,Z:; pe,i + ZJ'EN;_ pej+ ; pr,i + ZjeN,.‘ Pt.j

Note: we set M = [N?/v]
N

3 Pr,i
Pri+ 2 jen- Prj

i=1
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Graph lemma Application of lemma

Example: let M =10

<
<
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Graph lemma Application of lemma

M,
Mbei+ > jen- Mbes

N
i—1

1

Example: let M =10

<
<
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Graph lemma Application of lemma

N

Mpx i
lMt1+ZJ€N—Mpt,j Zzlﬁ-di

i= =1 ke

Example: let M =10

<
<
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Graph lemma Application of lemma

N
i=1

N
Mpy i 1 ( M + N)
2 : = ZE g — < 2alog ([1+ ———
Mptv’. + ZjGNi_ Mpta] i=1 keG; 1 + dk «

Example: let M =10

<
<
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Analysis Regret bound

Exp3-1X regret bound

-
log N N2 N
R < £+ <ﬂ+7)ZE [2oztlog <1+%) +2}
n 2 po Qi

Rr=0 ( aTlog(N))
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Analysis Regret bound

Exp3-1X regret bound

-
log N N2 N
R < £+ <ﬂ+7)ZE [2oztlog <1+%) +2}
n 2 po Qi

Rr=0 ( aTlog(N))

Next step
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Analysis Regret bound

Exp3-1X regret bound

-
log N N2 N
R < £+ <ﬂ+7)ZE [2oztlog <1+%) +2}
n 2 po Qi

Rr=0 ( aTlog(N))

Next step

Generalization of the setting
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Combinatorial setting Example
Example

usery
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news feedy news feeds news feeds

content, contents
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Combinatorial setting Example

Example

usery  users  users usery, user

users

news feedy

news feeds

> Play m out of N nodes (combinatorial structure)

[ Y4
news feeds

content, contents

» Obtain losses of all played nodes

> Observe losses of all neighbors of played nodes
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Combinatorial setting Example

»
> |
< <
% %

» Play action V, € SC {0, 1}", |lv|[ <mfroallve S

> Obtain losses V£,

> Observe additional losses according to the graph
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FPL-IX Algorithm

FPL-IX algorithm
> Draw perturbation Z;; ~ Exp(1) for all i € [N]

> Play “the best” action V; according to total loss estimate Et_l
and perturbation Z,

V:=argminv' (nt/l:t,l — Zt>
veS

» Compute loss estimates

~

Ui =0 ;K i1{l;; is observed}

> K; ;. geometric random variable with

1

E[K, = — —
[Ke.] ori+ (1 —ori)y

. brezia~
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FPL-IX Regret bound

FPL-IX - regret bound
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Conclusion

Conclusion

v

Introduction of Implicit eXploration idea

v

New algorithm for simple actions

Using implicit exploration idea
Same regret bound as previous algorithm
No need to know graph before an action is played

>
>
'S
» Computationally efficient

v

New combinatorial setting with side observations

v

Algorithm for combinatorial setting

» Using implicit exploration idea
» No need to know graph before an action is played
» Computationally efficient
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EA compuacs

Thank youl

Tomas Kocak
tomas.kocak@inria.fr

sequel.lille.inria.fr
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