Mahsa Asadi

Supervisors:
Marc Tommasi
Aurelien Bellet

In collaboration with:
Odalric-Ambrym Maillard

November 25, 2022
P4

s Université
lreeia— de Lille

inventors for the digital world

Mahsa Asadi Inria & University of Lille November



B
Table of Contents

@ Introduction

© Exploiting Structure in Model-based Reinforcement Learning

© Exploiting Structure in Online Personalized Mean Estimation Network

@ Perspectives

Mahsa Asadi Inria & University of Lille November 25,2022



Introduction

Mahsa Asadi Inria & U of Lille November



aa

2
|
)
2
o
=
<

Introduction

Problem

igation
@ Download from

Mahsa Asadi

House Nav




Introducti

House Navigation Problem

Download from
Dreamstime.com

1)

Mahsa Asadi

November 25



Introduction

Online Plant Distribution Learning Network

Mahsa Asadi Inria & University of Lille November 25,2022



Introduction

Online Plant Distribution Learning Network

AV
%

AN
?*6:1

Y

Mahsa Asadi Inria & University of Lille November 25,2022 5/51



Introduction

This thesis leverages structure in an online way!

learn more

structure
efficiently

Aggregate data and reuse of information:
o Less samples

o Less time to collect the samples
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Introduction

This thesis leverages structure in an online way!

learn more

structure
efficiently

Aggregate data and reuse of information:
o Less samples
o Less time to collect the samples

How do we identify the structure
when it is unknown?
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What is Reinforcement Learning(RL)?

‘ Environment

‘ Agent (s¢)

Mahsa Asadi Inria & University of Lille November 25,20



What is Reinforcement Learning(RL)?

‘ Environment

a

‘ Agent (s¢)

Mahsa Asadi Inria & University of Lille November 25,20



What is Reinforcement Learning(RL)?

‘ Environment

Tt

‘ Agent (s¢)

Mahsa Asadi Inria & University of Lille November 25,20



What is Reinforcement Learning(RL)?

‘ Environment

‘ Agent(s¢41)

Mahsa Asadi Inria & University of Lille November 25,20



Exploiting Structure in Model-based Reinforcement Learning

Reinforcement Learning

An Markov Decision Process (MDP) is described by four components:
° S,
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Exploiting Structure in Model-based Reinforcement Learning

Reinforcement Learning

An Markov Decision Process (MDP) is described by four components:
0 S, A, p(ser1lse,ar), v(se, ar).

S| =5,|A[ = A

1t is mean of v

Mahsa Asadi Inria & University of Lille November 25,2022 9/51



Exploiting Structure in Model-based Reinforcement Learning

Reinforcement Learning

Goal:
o Learn a good policy.

o Minimize regret:

T T

R(T) = Zg* - ZTt(St,at)

t=1 t=1

where g, is the average reward of optimal policy.
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Model-based Reinforcement Learning

o Set of probable MDPs:

Me {(S, A p,v):
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Model-based Reinforcement Learning

o Set of probable MDPs:

M e {(S, A,p,v) : p € ConfidenceSet
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where:

s,a) = p'(-]s,0) 1 < Bn,(s.) (g)s V5. 0}
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Exploiting Structure in Model-based Reinforcement Learning

Equivalence Structure or Class
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Exploiting Structure in Model-based Reinforcement Learning

Equivalence Structure or Class

o Profile Mapping o5 4:
Introduces a permutation of states such that:

p(as,a(l)|s, a) > p<Us,a(2)|57a) > > p(as,a(5)|s,a).

IIIlI = "IIl

p() plol.

The pair (s/,a’) is said to be equivalent to the pair (s, a), if

p(0s.a()]s,a) =plog o ()|s'sa’) and  u(s,a) = u(s',a).

Mahsa Asadi Inria & University of Lille
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State of the Art

o ASAP (Anand, Grover, and Singla, 2015)
o state-action pair aggregation
o no ordering
o no regret analysis
o UCAgg (Ortner, 2013)
o state aggregation(no pairs)
o no ordering
Two state action pairs (s,a) and (s, a) are in same class under conditions that:
@ The sum of the transition probabilities, to each abstract state that these
state action pairs transition to, match.
@ The reward of applying corresponding state action pairs is identical.
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Exploiting Structure in Model-based Reinforcement Learning

Do we know C and o7

Q Known C and o:
Straightforward Extension,

@ Unknown C and o:
Approximate C;.
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Exploiting Structure in Model-based Reinforcement Learning

Known C, o

@%@ oA

Confidence bound is proportional to:

Bs(N(w) o |/
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@%@ oA
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Bs(N(w) o |/

ConfidenceSet = {
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Exploiting Structure in Model-based Reinforcement Learning

Known C, o

@%@ oA

Confidence bound is proportional to:

Bs(N(w) o |/

ConfidenceSet = {p" : [p:(-|c) = p'(|s, a)ll1 < B, (o) (&) +}
Ve e C,V(s,a) € c.
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Exploiting Structure in Model-based Reinforcement Learning

Unknown C, o

o Unknown Profile?

@ Unknown Class?
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Exploiting Structure in Model-based Reinforcement Learning

Unknown C, o

o Unknown Profile?
Empirical Profile o

o Unknown Class?
Approximate C;
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Exploiting Structure in Model-based Reinforcement Learning

o Empirical Profile Mapping 04 4
Introduces a permutation of states such that:

Pe(05,a,e(1)]s,0) 2 Di(0s,0,6(2)[8,0) = -+ 2 Di(T5,0,6(5)] 5, @)

il = Hins

P() |0‘.
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Exploiting Structure in Model-based Reinforcement Learning

Unknown C, o

Center: set of state-action pairs
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Unknown C, o

Center: set of state-action pairs
Distance of centers u,v CS x A :

d(u,v) = [p(ou()lu) = p(eu())1,

Py
d(u,v)
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Exploiting Structure in Model-based Reinforcement Learning

Unknown C, o

Center: set of state-action pairs
Distance of centers u,v CS x A :

d(u,v) = [p(ou()lu) = p(eu())1,

Py
d(u,v)

o But d is unknown!
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Exploiting Structure in Model-based Reinforcement Learning

Unknown C, o

Optimistic distance of centers u,v CS x A :

~

o0

cT(u, V)

Mahsa Asadi Inria & University of Lille

d(u,v) = [Pt (Tt () = Be(oue (V) ||, — €t — €v s
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Exploiting Structure in Model-based Reinforcement Learning

Unknown C, o

For a given equivalence structure C’, and given u € C’, we say that v € C’ is a
PAC Neighbor of w if it satisfies:

-~

d(“? U) = ||ﬁt(au,t()|u) - ﬁt (Uu,t(')|v)||1 — €u,t — €ut S 0.

We further define N'(u) = {v € €'\ {u}: d(u,v) < 0} as the set of all PAC
Neighbors of u.

Mahsa Asadi Inria & University of Lille



Exploiting Structure in Model-based Reinforcement Learning

Unknown C, o

For a given equivalence structure C’, and given u € C’, we say that v € C’ is a
PAC Neighbor of w if it satisfies:

-~

d(“? U) = ||ﬁt(au,t()|u) - ﬁt (Uu,t(')|v)||1 - 6'u‘,t - Ev,t S 0

We further define N'(u) = {v € €'\ {u}: d(u,v) < 0} as the set of all PAC
Neighbors of u.

For a given equivalence structure C’ and u € C’, we define the PAC Nearest
Neighbor of w (when it exists) as:

Near(u,C') € argmin d(u, z) .
ZEN (u)

Mahsa Asadi Inria & University of Lille November



Exploiting Structure in Model-based Reinforcement Learning

Algorithm ApproxEquivalence
Input N
Output C*
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Exploiting Structure in Model-based Reinforcement Learning

Algorithm ApproxEquivalence
Input N
Output C*
1: Initialization: C° « {{1},{2},...,{SA}}, k =0;
2: repeat
3: k+—k+1
4
5

CF « ckt
for all w € C¥~1 in a non decreasing order of their N(u) do

11:  end for
12: until CF = Ck-1
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Algorithm ApproxEquivalence
Input N
Output C*
1: Initialization: C° « {{1},{2},...,{SA}}, k =0;
2: repeat
3 k+k+1
4. CFe k!
5
6

for all w € C¥~1 in a non decreasing order of their N(u) do
v+ Near(u,CF1)

11:  end for
12: until CF = Ck-1
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Exploiting Structure in Model-based Reinforcement Learning

Algorithm ApproxEquivalence
Input N
Output C*
- Initialization: C° « {{1},{2},...,{SA}}, k=0;
repeat
E+—k+1
CF « ckt
for all w € C¥~1 in a non decreasing order of their N(u) do
v+ Near(u,CF1)
if v # ) then

NGO hs N

10: end if
11:  end for
12: until CF = Ck~1
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Exploiting Structure in Model-based Reinforcement Learning

Algorithm ApproxEquivalence
Input N
Output C*
1: Initialization: C° « {{1},{2},...,{SA}}, k =0;
2: repeat
3 k+k+1
4. CFe k!
5. for all w € C*~! in a non decreasing order of their N(u) do
6
7
8
9

v+ Near(u,CF1)
if v # ) then
Merge u, v
. Remove w, v from C*
10: end if
11:  end for
12: until CF = k-1
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Exploiting Structure in Model-based Reinforcement Learning

Algorithm ApproxEquivalence

Input N
Output C*

1: Initialization: C° « {{1},{2},...,{SA}}, k =0;

2: repeat

3 k+k+1

4. CFe k!

5. for all w € C*~! in a non decreasing order of their N(u) do

6: v+ Near(u,CF1)

7: if v # () then

8: Merge u, v

o: Remove w, v from C*

10: end if

11:  end for
12; until Ck = k-1

The algorithm ApproxEquivalence stops after, at most, SA — 1 steps. I

Mahsa Asadi Inria & University of Lille November 25,2022 23/51




Exploiting Structure in Model-based Reinforcement Learning

Unknown C, o

There exists some A > 0 such that

Vetcd eCNlee, VW ed, d{(},{¢})>A.

c4

c2
Sy

A >A

c3 c5
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Exploiting Structure in Model-based Reinforcement Learning

Unknown C, o

Let N be such that A > 45 (6/SA), provided that min, , Ny(s,a) >N, under
Separability Assumption, ApproxEquivalence outputs the correct equivalence
structure C of state-action pairs with probability at least 1 — 6.
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Exploiting Structure in Model-based Reinforcement Learning

Unknown C, o

Let N be such that A > 45 (6/SA), provided that min, , Ny(s,a) >N, under
Separability Assumption, ApproxEquivalence outputs the correct equivalence
structure C of state-action pairs with probability at least 1 — §.

@ (Induction): Vu € C* and V(s1,a1), (s2,a2) € u, v € C such that
(s1,a1), (52,a2) € v: we say that C* is a valid partition.
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Exploiting Structure in Model-based Reinforcement Learning

Unknown C, o

Let N be such that A > 45 (6/SA), provided that min, , Ny(s,a) >N, under
Separability Assumption, ApproxEquivalence outputs the correct equivalence
structure C of state-action pairs with probability at least 1 — §.

@ (Induction): Vu € C* and V(s1,a1), (s2,a2) € u, v € C such that
(s1,a1), (52,a2) € v: we say that C* is a valid partition.

@ When the algorithm stops, no two states in the same class of C are that have
not been merged.

O

c1 c2 c3

Mahsa Asadi Inria & University of Lille



Application: UCRL2 (Jaksch, Ortner, and Auer, 2010)

o Confidence-based Model-based RL approach
o Known C, o
o C-UCRL(C,0): Improved the regret by %

o Unknown C, o:

o C-UCRL: No theoretical guarantees but significant improvements on ergodic
MDPs in practice.

Mahsa Asadi Inria & University of Lille November 25,2022 26 /51



Exploiting Structure in Model-based Reinforcement Learning

25-state Ergodic RiverSwim

Regret analysis

x10*
6 —— C-UCRL(classes, profiles)
— C-UCRL
—— UCRL2-L
54
4
B
g
o 3
24
14
0 T T T T T T
0.00 0.25 0.50 0.75 1.00 1.25 1.50

175 2.00
Time steps x10°

runs = 100, 6 = 0.05, SA=25x2=50,C =6
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Exploiting Structure in Model-based Reinforcement Learning

50-state Ergodic RiverSwim

Regret analysis

x10%

—— C-UCRL(classes, profiles)
—— C-UCRL
—— UCRL2-L

0.0 T T T T
0 1 2 3 4 5
Time steps x10°
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Exploiting Structure in Model-based Reinforcement Learning

Contributions

(4]

Introducing a class structure for state-action pairs

(4]

For known C, o setting:

o Tighter confidence sets
o Fewer parameters to estimate

o Unknown C, o setting:

o Approximating Equivalent class structure C using ApproxEquivalence
o Extension on UCRL2:

o C-UCRL(C,0): Improved the regret of UCRL2 by factor of %.

o C-UCRL: No theoretical guarantees but significant improvements on ergodic
MDPs in practice

Mahsa Asadi Inria & University of Lille November 25,2022
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Exploiting Structure in Online Personalized Mean Estimation Network

Decentralized Learning

Existence of a network of agents
Learning collaboratively
No centralized server

Data is kept locally

e 6 6 o o

Aggregated quantities are shared
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Exploiting Structure in Online Personalized Mean Estimation Network

Decentralized Learning

©

Existence of a network of agents

©

Learning collaboratively

o working in a group of two or more
o achieve a common goal

No centralized server

©

(4]

Data is kept locally

(4]

Aggregated quantities are shared

Mahsa Asadi Inria & University of Lille November
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Exploiting Structure in Online Personalized Mean Estimation Network

Online Personalized Mean Estimation Network

At each time step t:
o Receives new sample ¢ ~ v,
o Chooses agent [ to query
o Keeps a memory of local estimates [z}, |, T}, o, ..., % 4], [0} 1,nf 0, 1k 4]

Mahsa Asadi Inria & University of Lille November



Exploiting Structure in Online Personalized Mean Estimation Network

Online Personalized Mean Estimation Network

o From the perspective of agent a:
o Goal: Find a good mean estimate p!, of personal distribution v, with mean jq

Mahsa Asadi Inria & University of Lille November



Exploiting Structure in Online Personalized Mean Estimation Network

o Multiplayer Multi-armed bandit with a single global problem

o Personalization
@ Personalized Federated Multi-armed Bandit (Shi, Shen, and Yang, 2021)
o combination of local and global objectives
o regret minimization
@ Weighted Collaborative Best Arm Identification Bandit (Réda, Vakili, and
Kaufmann, 2022)

o introduces a weighting (known)

o best arm identification

o But we estimate the weight (unknown) and to enable collaboration we need to
discover structure

Mahsa Asadi Inria & University of Lille



Exploiting Structure in Online Personalized Mean Estimation Network

Equivalence Structure or Class

The similarity class of agent a is given by:
Co={le[A4]: A, =0},

where A, ; = |pa — | is the gap between the means of agent a and agent .
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Exploiting Structure in Online Personalized Mean Estimation Network

Equivalence Structure or Class

The similarity class of agent a is given by:
Co={le[A4]: A, =0},

where A, ; = |pa — | is the gap between the means of agent a and agent .

But e — 1| = Ag, is unknown!
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Exploiting Structure in Online Personalized Mean Estimation Network

Equivalence Structure or Class

But e — 1| = Ag, is unknown!

( n
Nk “1' /B()
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Exploiting Structure in Online Personalized Mean Estimation Network

Equivalence Structure or Class

But e — 1| = Ag, is unknown!

( n
\ 1% - “1' /B()

The optimistic distance with agent [ from the perspective of agent a is defined as:

dfz(l) = |‘ilf1,a - jfz,l| - IB(n(tI,a) - 5(“2,0-
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Exploiting Structure in Online Personalized Mean Estimation Network

Equivalence Structure or Class

But e — 1| = Ag, is unknown!

[
\ 1% - “1'

The optimistic distance with agent [ from the perspective of agent a is defined as:

dfz(l) = |‘ilf1,a - jfz,l - IB(n(tI,a) - 5(“2,1)-

The optimistic similarity class from the perspective of agent a at time ¢ is defined
as:

/B(I‘l)

ct = {l e [A]:di(l) < 0}.
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Algorithm ColME

At each time step:
o Perceive
o Query
o Estimate
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Algorithm ColME

At each time step:
o Perceive

@ receives a sample z%, ~ v,
@ updates the local average :chw

o Query
o Estimate
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Algorithm ColME

At each time step:
o Perceive

o Query
Q@ Round-Robin
Q Restricted-Round-Robin

o Estimate
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Algorithm ColME

At each time step:
o Perceive
o Query
o Estimate
ply Elecg O‘Z,z X fZ,z
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Algorithm ColME

At each time step:
o Perceive
o Query
o Estimate
1l Elecg O‘fz,z X fz’z,z
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Algorithm ColME

At each time step:
o Perceive
o Query
o Estimate
t t —t

Mg Zlecg aa,l X xa,l

o Simple-weighting

o Soft-weighting

t _t |Ia,a. mIa,ll 1

aa,l - na,l )
|Ia,a. U Ia,ll Zsoft
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Algorithm ColME

At each time step:
o Perceive
o Query
o Estimate
t t =t
Mg < Zlecg aa,l x xa,l
o Simple-weighting
o Soft-weighting
o Aggressive-weighting(Extension of Soft-weighting)

Bat = 11, an1, i |>min{B(nt ,).8(nt, )}

a,a
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Exploiting Structure in Online Personalized Mean Estimation Network

Baselines:

o Local estimation

o Oracle weighting
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Exploiting Structure in Online Personalized Mean Estimation Network

Baselines:

o Local estimation
No collaboration

o Oracle weighting
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Exploiting Structure in Online Personalized Mean Estimation Network

Baselines:

o Local estimation

o Oracle weighting
Known true class C,
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Exploiting Structure in Online Personalized Mean Estimation Network

Theoretical Results

For any 6 € (0,1), employing Restricted-Round-Robin query strategy and simple
weighting, we have:
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Exploiting Structure in Online Personalized Mean Estimation Network

Theoretical Results

For any 6 € (0,1), employing Restricted-Round-Robin query strategy and simple
weighting, we have:

P(3t>C(:C#Ca) <=, with (o=

| >
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Exploiting Structure in Online Personalized Mean Estimation Network

Theoretical Results

For any 6 € (0,1), employing Restricted-Round-Robin query strategy and simple
weighting, we have:

P (3t>(a:Cl#Ca) <5, with (o =njf,+A—1

| >

n’ , = number of observations required to distinct class a and .
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Exploiting Structure in Online Personalized Mean Estimation Network

Theoretical Results

For any 6 € (0,1), employing Restricted-Round-Robin query strategy and simple
weighting, we have:

P (3t > ¢ :CL#C,) <

| >

,with Co=nj,+A=1= > Lgn > +a-1)-
Le[A]\Cq
(1)

n’ , = number of observations required to distinct class a and .
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Exploiting Structure in Online Personalized Mean Estimation Network

Theoretical Results

@ Knowing CL = {l € [4] : d' (1) < 0}:

Cooo0eoe
Qoo
®eooo0o
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Exploiting Structure in Online Personalized Mean Estimation Network

Theoretical Results

@ Knowing C., = {l € [4] : d},(I) < 0}:
o le(C,
o L € [A\Ca
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Exploiting Structure in Online Personalized Mean Estimation Network

Theoretical Results

@ Knowing C., = {l € [4] : d},(I) < 0}:

Q at all time, if [ € C,, then df (1) < 0.
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Exploiting Structure in Online Personalized Mean Estimation Network

Theoretical Results

@ Knowing C., = {l € [4] : d},(I) < 0}:

Q at all time, if [ € C,, then df (1) < 0.
Q when agents have enough samples(n} ), if | € [A\C, <= d},(I) >0

Cloo o e ;O.o.o‘o cs
eo °

Mahsa Asadi Inria & University of Lille November 25,2022



Exploiting Structure in Online Personalized Mean Estimation Network

Theoretical Results

@ Knowing C., = {l € [4] : d},(I) < 0}:

Q at all time, if [ € C,, then df (1) < 0.
Q when agents have enough samples(n} ), if | € [A\C, <= d},(I) >0

Cilooeo o s([0®e e | cCa
Qoo
" YXX X
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Exploiting Structure in Online Personalized Mean Estimation Network

Theoretical Results

Given the risk parameter §, using the Restricted-Round-Robin query strategy and
simple weighting, the mean estimator !, of agent a:
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Exploiting Structure in Online Personalized Mean Estimation Network

Theoretical Results

Given the risk parameter §, using the Restricted-Round-Robin query strategy and
simple weighting, the mean estimator !, of agent a:

0
1P(Vt>7'a:|ufl—ua|§e)>1—1, with T, = max
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Theoretical Results
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simple weighting, the mean estimator !, of agent a:

0
P(VE>7q: |ph — pg <€) >1— T with 7, = max ((,,

Mahsa Asadi Inria & University of Lille



Exploiting Structure in Online Personalized Mean Estimation Network

Theoretical Results

Given the risk parameter §, using the Restricted-Round-Robin query strategy and
simple weighting, the mean estimator !, of agent a:

[B5'(e)] | |Cal —1
(AR

0
P(VE>7q: |ph — pg <€) >1— T with 7, = max ((,,

).
()
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Exploiting Structure in Online Personalized Mean Estimation Network

Theoretical Results

Given the risk parameter 6, using the Restricted-Round-Robin query strategy and
simple weighting, the mean estimator !, of agent a:

87O | [Ca] — 1
[P
)

5
P(Vt>7q: |ph —pgl <€) >1— 7 with 7, = max ((g,

o ColME outperforms Local by a factor of |C,|.
o ColME performs as good as Oracle in some regimes.
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Theoretical Results

Given the risk parameter 6, using the Restricted-Round-Robin query strategy and
simple weighting, the mean estimator !, of agent a:

[B5'(e)] | ICal —1
G T2
(2)
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P(Vt>7q: |ph —pgl <€) >1— 7 with 7, = max ((g,
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Exploiting Structure in Online Personalized Mean Estimation Network

Theoretical Results

Given the risk parameter §, using the Restricted-Round-Robin query strategy and
simple weighting, the mean estimator !, of agent a:

[B5'(e)] | |Cal —1
(AR

0
P(VE>7q: |ph — pg <€) >1— T with 7, = max ((,,

).
()

o To have |uf — pa| <€
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Exploiting Structure in Online Personalized Mean Estimation Network

Theoretical Results

Given the risk parameter §, using the Restricted-Round-Robin query strategy and
simple weighting, the mean estimator !, of agent a:

[B5'(e)] | |Cal —1
(AR

0
P(VE>7q: |ph — pg <€) >1— T with 7, = max ((,,

).
()

o To have |u!, — pa| < €, knowing that C, = C! —
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Exploiting Structure in Online Personalized Mean Estimation Network

Theoretical Results

Given the risk parameter §, using the Restricted-Round-Robin query strategy and
simple weighting, the mean estimator !, of agent a:
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Exploiting Structure in Online Personalized Mean Estimation Network

Theoretical Results

Given the risk parameter §, using the Restricted-Round-Robin query strategy and
simple weighting, the mean estimator !, of agent a:

[B5'(e)] | |Cal —1
(AR

1)
P(Vt> 71, |pul —p,| <€) >1—=, with 7, = max ((,,
a a 4

).
()

o To have |u}, — pa| < €, knowing that C, = C, — B5(3 ¢, nhy) < €.

o Summing of samples:
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Exploiting Structure in Online Personalized Mean Estimation Network

Theoretical Results

Given the risk parameter §, using the Restricted-Round-Robin query strategy and
simple weighting, the mean estimator !, of agent a:

[B5'(e)] | |Cal —1
(AR

).
()

0
P(VE>7q: |ph — pg <€) >1— T with 7, = max ((,,

o To have |u}, — pa| < €, knowing that C, = C, — B5(3 ¢, nhy) < €.

o Summing of samples: (n,,: Maximum number of samples for an agent).

Cal -1

ne,a + (ne,a - 1) + e + (ne,a - |Ca| + ]-) = |Ca|ne,a - 2

|Cal,

Mahsa Asadi Inria & University of Lille November 25,2022 40/51



Exploiting Structure in Online Personalized Mean Estimation Network

Theoretical Results

Given the risk parameter §, using the Restricted-Round-Robin query strategy and
simple weighting, the mean estimator !, of agent a:

[B5'(e)] | |Cal —1
(AR

).
()

5
P(VE>7q: |ph — pg <€) >1— 7 with 7, = max ((g,

o To have |u}, — pa| < €, knowing that C, = C, — B5(3 ¢, nhy) < €.

o Summing of samples: (n,,: Maximum number of samples for an agent).

Cal -1

ne,a + (ne,a - 1) + e + (ne,a - |Ca| + ]-) = |Ca|ne,a - 2

S O AR Y

’ |Cal 2

|Cal,
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Exploiting Structure in Online Personalized Mean Estimation Network

Experiments
Setup

A =200

Time horizon = 2500

risk parameter § = 0.001

1 =1{0.2,0.4,0.8}

GAUSSIAN(f1q, 0% = 0.25)

runs = 20 (total of 2500*200*20*200 iterations)
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Exploiting Structure in Online Personalized Mean Estimation Network

Experiments

Class Identification:

. ICE N C,|
precisiong: = BT
. ICE]
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Exploiting Structure in Online Personalized Mean Estimation Network

Experiments

—— restricted-round-robin
—— round-robin

g
=)

o
©

o
©

o
o

o
8}

Precision in class estimation
o
~N

o
iN

o
W

0 500 1000 1500 2000 2500
Time

Figure: Class estimation precision over all agents
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Exploiting Structure in Online Personalized Mean Estimation Network

Experiments

Error of an agent a at time ¢:

errory = |ig — ft|-

Mahsa Asadi Inria & University of Lille November 25,



Exploiting Structure in Online Personalized Mean Estimation Network

Experiments

0.0200
—— soft-restricted-round-robin
0.0175 -~ aggressive-restricted-round-robin
s —— restricted-round-robin
B 0.0150 —— round-robin
_g 0.0125 —— oracle
3 local
5 0.0100
(9]
€
0.0075
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0.0025
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Figure: Error in mean estimation over all agents
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Exploiting Structure in Online Personalized Mean Estimation Network

Extension: Imperfect classes

Given 1 > 0, the n-similarity class of agent a is given by:

a={l€[A]: Aqy <},

where A, ; = |pq — fu| is the gap between the means of agent a and agent [.

Estimating mean of class C,) ,:

Ha |Cn,a| Z Hi-

leCy,
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Exploiting Structure in Online Personalized Mean Estimation Network

Contributions

(4]

Addressing the challenging problem of online personalized mean estimation

(4]

Presented collaborative learning algorithms by exploiting similarity structure
between distributions

©

PAC-style guarantees for class and mean estimation
o Mean estimation time complexity is improvement by |C,| times in comparison
to Local
o Mean estimation time complexity as good as Oracle in some regimes
o Heuristic weighting mechanisms that empirically shown to decrease bias in
early rounds

©

Extension of the ideas to imperfect classes

o Providing class and mean estimation time complexity
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Perspectives
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Future Work

Model-based Reinforcement Learning

o Regret analysis of the unknown C case
o Extension to multiagent setting

o What to share? observations?
o How to coordinate and learn policy?
o How to minimize communication?

o Extension to multiagent setting with personalized problems.
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Future Work

Online Personalized Mean Estimation

o Provide theoretical guarantees for Soft-Restricted-Round-Robin and
Aggressive-Restricted-Round-Robin.
o Extend to incomplete communication graph networks
o Considering similarity between neighbour of neighbours

o Solve machine learning tasks beyond mean estimation

Mahsa Asadi Inria & University of Lille November 25,2022
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Regret bound C-UCRL

Let (X¢)¢>1 be a martingale difference sequence bounded by b for some b > 0
(that is, | X¢| < b for all t). Then, for all 6 € (0,1),

T
IP’(EIT EN:) X, > b\/%(T-i- 1)log (VT + 1/5)> <4.

t=1
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Lemma 7

Let p and q be two discrete distributions, defined on the same alphabet S, with
respective profile mappings o, and o4. Then,

[p(5() = alog( Dl < lp =gl -
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Lemma 7

° |lp =gl = llp(op(-)) = g(op( Nl =
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Lemma 7

i —

Ip(op(+)) — alop ()l

o [lp—qllh = [Ip(op(+)) — gqlo

— q(op("))
(o (-)) = a(aq(Nlx < |
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Lemma 7

o [lp =gl = llp(op(-)) — g(op( NI =
Ip(o5()) = (gDl < llplop()) = alop(-)lh

o Lets say index 1 and 2 are switched:

o Therefore, o,(1) = 04(2) and 0,(2) = g4(1)

FLEE <
FEIBEE 2
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Lemma 7

o |lp—dall = lIp(op(-)) — a(op ()l =
Ip(p(-)) — 4log Ol < Ip(op () — alop ()l
o Lets say index 1 and 2 are switched:
o Therefore, o,(1) = 04(2) and 0,(2) = g4(1)
o Therefore, p(op(1)) > p(0p(2)) but p(aq(1)) < p(oq(2)).

2] il |
[3]
[4] [4]




Lemma 7

o |lp—dgll = lIp(op(-)) — a(op(-) I =
Ip(p(-)) = q(og(: Ml < Ip(op(-)) = a(op()llx
o Lets say index 1 and 2 are switched:
o Therefore, o,(1) = 04(2) and 0,(2) = g4(1)
o Therefore, p(op(1)) > p(0p(2)) but p(ae(1)) < p(oq(2)).
o Then, we study 3 ;_, 5 [p(op(2)) — (o4 (2))]:

o if g(oq(1)) < p(op(1)) and g(oq(2)) < p(op(2)) then: The sum equals
[p(op(1)) — a(op (1) + Ip(05(2)) — a(op(2))].

]
p q B E @ ml
m) B IE @ mm
- (2] orderings o o = = 2]
& 2 a2z a@z A
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Lemma 7

o |lp —dall = Ip(op(-)) — a(op ()l =
Ip(op(-)) — a(aq ()l < lIp(op(-)) — alop(-)a
o Lets say index 1 and 2 are switched:
o Therefore, 0,(1) = 04(2) and 0,(2) = g4(1)
o Therefore, p(op(1)) > p(0,(2)) but p(ay(1)) < p(oq(2)).
o Then, we study 3, ; ,[p(o5(2)) — q(oq(2))]:

o if g(oq(1)) < p(op(1)) and g(oq(2)) < p(cp(2)) then: The sum equals
[p(op(1)) — g(op (V)| + [p(p(2)) — g(op(2))]-
o The same for g(oq(1)) > p(op(1)) and g(oq(2)) > p(op(2)).

p q
#
B =

orderings

Mahsa Asadi Inria & University of Lille November 25,2022



Lemma 7

° |lp =gl = llp(op(-)) = a(op(-)Ih =
Ip(op(+)) = alog( )l < llp(op(-)) = alop())ll
o Lets say index 1 and 2 are switched:
o Therefore, 0,(1) = 04(2) and 0,(2) = 04(1)
o Therefore, p(op(1)) > p(0p(2)) but p(aq(1)) < p(aq(2)).
o Then, we study >, _, , [p(0p (7)) — q(oq(2))]:
o if g(oq(1)) < p(op(1)) and g(oq(2)) < p(cp(2)) then: The sum equals
Ip(op(1)) — q(op (V)] + IP(op(2) — a(op(2))]-
o The same for g(oq(1)) > p(op(1)) and g(oq(2)) > p(op(2)).
o For the remaining cases also: The sum

< Ip(op(1)) = a(op(1)] + Ip(op(2)) — a(op(2))]

DA
p q HE B g @ 3 @
B @@ 2 m m
B Horderinsnnnnn
2 a2 gz @A
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Lemma 7

Proof
° |lp =gl = lIp(op(-)) — g(op(-)Ih =
Ip(op(-)) = a(og( D)l < llp(on(-)) = glop(-)lx
o Lets say index 1 and 2 are switched:
o Therefore, 0,,(1) = 04(2) and 0,(2) = gq(1)
o Therefore, p(op(1)) > p(0p(2)) but p(oq(1)) < p(aq(2)).
o Then, we study Zi:l,Q Ip(op (7)) — q(oq(2))[:
o if g(oq(1)) < p(op(1)) and g(oq(2)) < p(cp(2)) then: The sum equals
Ip(op(1)) — g(ap(V))| + [p(95(2)) — g(op(2))].
o The same for g(oq(1)) > p(op(1)) and g(oq(2)) > p(op(2)).
o For the remaining cases also: The sum

< Ip(op(1)) — a(op (D) + [p(05(2)) — q(op(2))]
o For more switches, this iteratively holds.
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Known C, Unknown o

The modified confidence set CB; s(C) contains the true transition function p with
probability at least 1 — 0, uniformly over all time t, i.e.:

P (ﬂp € CBM(C)> >1-9.

t
where

CBrs = {0/ 7 (1) =P (@Ol € s 3 Nule's B (8)

(s',a")Ec
Ve e C,V(s,a) € ¢}
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Theoretical Results
C-UCRL Regret bound

Given C, o and for any § € (0,1) such that with probability higher than 1 — 6,
uniformly over all time horizon T,

R(C-UCRL(C,o,0'),T) < 20D\/ CT (S +log(CVT +1/8")) + DC'log,(5L) .

where §' = §/4, C' is the number of classes and D is the diameter of the MDP.
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Theoretical Results
C-UCRL Regret bound

T
gx — E Tt St at

1 t=1

T
(95 — p(st,ar) +Z pi(se, ar) — re(se, ar)) -
=1

o
]=

R(T)

t

Il
]=

t=1

Hence with probability 1 — §’:

m(T)

Z Ap+ /3T + D) log(VTF+1/5).

where Ay =3 o Vi(c) (g« — p(c)). O
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Theoretical Results
C-UCRL Regret bound

o Bad episodes(M ¢ My, 5):

P (ﬂ pECBLs(C,o)Ape csg,é,(c,a)> >1-20.
t

Therefore, with probability at least 1 — 26’ and

m(T)

> Akl =0,
k=1

o Good episodes(M € My, 5:):

R(T) < 20D\/CT(S + log(CVT + 1/8")) + DClogy (L),

Mahsa Asadi Inria & University of Lille November 25,20



River Swim MDP

08"
(r = 0.05)

Figure : The L-state Ergodic RiverSwim MDP

Figure : The L-state RiverSwim MDP
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Numerical Results

Label of class

{(c) € argmax |z|
zeCle

lic)=®
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Numerical Results

Performance metric

mis-clustering ratio at time ¢t = A Z [{pairs in c that are mis-clustered}|.
ceCy
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Numerical Results

—— 50 states
—— 25 states

o
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Figure: Mis-clustering ratio - Ergodic RiverSwim(25 and 50 states)
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Numerical Results
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Numerical Results

Performance metric
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Numerical Results
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Numerical Results
Communicating MDP
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Algorithm 10 ColIME

Parameters: agent a, time horizon H, risk §, weighting scheme «, and query
strategy choose_agent
1 Cl«+{le[4]: d;(;(l) <0} =[A]
2. fort=1,...,H do

1

3 Vie[Al 2, ! nt, nly
4 Perceive:
5 Receive sample x% ~ v,
6: Th, T xS pal x 3 onl 8
7. Query:
8 Ci«+{lelA]:d, () <0}
9 Query agent | = choose agent(C},) to get Zj,
10: Ty Ty, np et
11:  Estimate:
12: Co +—{lelA]:d] () <0}
13: Mo = Diecy Yaq X Tay
14: end for
Output: pZ
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I
Analysis

Theoretical

We define the following events:

E; = ﬂ |9_3le -l < 56(”3,1)7
le[A]

E, = ﬂE;.
teN

Let 6 € (0,1), a € [A]. Setting Bs(n) = a\/Z% X (14 L) In(vn+1/7(8)) with
Y(6) = 525, we have:
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Analysis

Theoretical

From the perspective of agent a and at time ¢, event G is defined as:

(R 0 *
Ga - ﬂ na,l > na,l?
le[A]

. _{[ﬁgl(A:;”ﬂ if 1 ¢ Ca,

ST 1851 (B2)] otherwise,

where n

with A, = minle[A]\ca Aa,l-
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I
Analysis

Numerical

Empirical convergence time of an agent:

conv,(e) = min{r € N : V¢t > 7 error, < e}.
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Analysis

Numerical
Algorithm conv(0.1) conv(0.01)

avg/std max  avg/std max

Round-Robin (RR) 417 +£230 1239 916 £ 427 2088
Restricted-RR 405 £227 1175 894 £+ 438 1925
Soft-Restricted-RR 82 + 48 340 608 + 290 1432
Aggressive-Restricted-RR 56 + 39 340 335+127 958
Local 41 £+ 39 289 4494 + 3945 28616
Oracle 5E4 19 98 £ 63 308
Theoretical Restricted-RR (7,) 3878 33406

Theoretical Local (7,) 885 100216
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Imperfect classes

The n-optimistic similarity class from the perspective of agent a at time ¢ is
defined as:

Cha=1{1 €[4]: d; 5() < n}.
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Imperfect classes

From the perspective of agent a and at time ¢, event Gﬁm is defined as:

e = m gy > nZ,l’ (4)

le[A]

. {m; (Bet=m)] i1 ¢C,,

af = [B5 (AJ‘L—)} otherwise,

where n

with An,a = minle[A]\CW,a Aa,l-
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Imperfect classes

Given the risk parameter §, using the Restricted-Round-Robin query strategy and
class-uniform weighting (while employing C,, ), the mean estimator ufha of agent
a is:

J
P(Vt> 7 ¢ 0 = final <€) > 1=, with 7] = max(¢], 857 (€) +[Cpal — 1)-

(5)
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