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I Policy Optimization (PO) !

Parameter space © < R¢

A parametric policy for each 8 € ©

Each inducing a distribution pg over trajectories
A return R(7) for every trajectory T

Goal: maximize the expected return (Deisenroth
et al., 2013)
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I Online PO with Bandit Feedback 2

Select parameter 8 and run g 0 0.,3
A
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I Online PO with Bandit Feedback 2

Select parameter @ and run 7y

Observe the return R(7)
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Online PO with Bandit Feedback 2

Select parameter @ and run 7y

Observe the return R(7)

Goal: minimize the regret (Auer et al., 2002)

Regret(n) = Y J(6%) — J(6;) = > A(6;)

t=1 t=1
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Online PO with Feedback 2

Select parameter @ and run 7y

the trajectory 7

Observe the return R(7)

Goal: minimize the regret (Auer et al., 2002)

t=1 t=1
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Online PO with Feedback 2

Select parameter @ and run 7y
the trajectory 7

Observe the return R(7)

Goal: minimize the regret (Auer et al., 2002)

t=1 t=1
The trajectory 7 between the parameter
0 and the return R(7) (Papini et al., 2019) J(04)  J(0B)
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I Contributions

Regret Lower Bounds with Mediator feedback
Importance Sampling for Mediator feedback
New Randomized Algorithm: RANDOMIST and Regret Analysis

Numerical Simulations
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I Regret Lower Bounds with Mediator Feedback 4

e = {GA,OB} with A = J(GA) — J(GB)
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Regret Lower Bounds with Mediator Feedback

e = {GA,OB} with A = J(GA) — J(GB)

If Dir.(pe,llpe,) < % and Dkr(pe,|pe,) <© =  constant regret

1

E Regret(n) = O (Z)

If Dicr.(po,|pog) = 0 or Dir(pey|pe,) =© =

E Regret(n) = O (% log (A2n)>
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I Importance Sampling for Mediator Feedback

Idea: use all the samples to estimate the
expected return of any policy

t—1
Ji(0) = —— we,¢(Ti) R(7i)

——

multiple importance sampling
(Veach and Guibas, 1995)
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I Importance Sampling for Mediator Feedback

Idea: use all the samples to estimate the
expected return of any policy

t—1

o 1 po(7i)
Ji(0) = — — R(7)
=14 t—il Z§=11 e, (7i)

multiple importance sampling
with
(Owen, 2013)
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I Importance Sampling for Mediator Feedback

Idea: use all the samples to estimate the MIS

expected return of any policy ‘ T

t—1

R(7:)

multiple importance sampling
with
(Owen, 2013)
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I Importance Sampling for Mediator Feedback

Idea: use all the samples to estimate the MIS
d return of an li T
expected return of any policy
> AN po(7:)
Ji(0) = —— R(T;

multiple importance sampling
with
(Owen, 2013)

Heavy-tail behavior, only polynomial
concentration (Metelli et al., 2018, 2020):

A 1-6
J(0) — J(0) < \/m
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I Importance Sampling for Mediator Feedback

Idea: use all the samples to estimate the

expected return of any policy T
> 15 pe(:)
Ji1(0) = —— R(7;

multiple importance sampling
with
(Owen, 2013)

Heavy-tail behavior, only polynomial
concentration (Metelli et al., 2018, 2020):

Ji(0) — J(8) < \/6(115;—51) da (pel|®:)
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Importance Sampling for Mediator Feedback

Idea: use all the samples to estimate the
expected return of any policy

- 1 t—1 5
Jt(e) = t—_l We,t(Ti) R(Tl)
=1
——
multiple

importance sampling
(lonides, 2008)
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Importance Sampling for Mediator Feedback

Idea: use all the samples to estimate the MIS

expected return of any policy ‘ T

v Lt_l . [ pe(m) ,
Ji(0) = ) mm{‘I’t(Ti)’Mt(e)} R(7i)

. >
"

multiple
importance sampling
(lonides, 2008)
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I Importance Sampling for Mediator Feedback 6
Idea: use all the samples to estimate the MIS
expected return of any policy ‘ T
- 1 i .

3O) = 1 3 min{ B4 aro) ) )
t — 1 - (I)t(Ti)
multiple
importance sampling
(lonides, 2008)
t—1)d P

If Mt(e) — ( )102;%)0” t),
we get (Papini et al., 2019; Metelli et al., 2020):

- log 1
J,(6) — J(6) < 2.75\/ ¥

t—1

AAAI 2021
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I Importance Sampling for Mediator Feedback 6
Idea: use all the samples to estimate the
expected return of any policy T
- 1 i .
3O) = 1 3 min{ B4 aro) ) )
t — 1 - (I)t(Ti)
multiple
importance sampling
(lonides, 2008)
t—1)d P
If Mt(e) — ( )102;%)0” t),
we get (Papini et al., 2019; Metelli et al., 2020):

- log 4
Ji(6) — J(6) < 2'75\/t g‘i d2 (pe|®:)
— —_——

AAAI 2021
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RANDOMIST 7

Finite Policy Space

Previous Work: OPTIMIST employs a UCB-like approach (Papini et al., 2019)
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Finite Policy Space

Previous Work: OPTIMIST employs a UCB-like approach (Papini et al., 2019)
Idea: perturb the estimate .J;(6) (Kveton et al., 2019)
For finite policy spaces:

Compute expected return jt(a)

Generate perturbation Uy (0)
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I RANDOMIST 7

Finite Policy Space

Previous Work: OPTIMIST employs a UCB-like approach (Papini et al., 2019)
Idea: perturb the estimate .J;(6) (Kveton et al., 2019)
For finite policy spaces:

Compute expected return jt(a)

Generate perturbation Uy (0)
Select 0, € argmaxg.g J¢(0) + U(0)
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RANDOMIST 8

Compact Policy Space

For compact policy spaces, the arg max cannot be computed
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I RANDOMIST 8

Compact Policy Space

For compact policy spaces, the arg max cannot be computed

Sample from the distribution of being the max (D'Eramo et al., 2017) with
MCMC (Beskos and Stuart, 2009):

6, ~ Pr (jt(o) + U(6) = sup J,(0) + Ut(a'))
0'cO
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I Finite Policy Space ’

v = maxg grco d2(Po|per) and A = ming_ g+ J(6%) — J(6)

Algorithm

Greedy

UCBL (Auer et al., 2002)
OPTIMIST (Papini et al., 2019)
RANDOMIST
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Finite Policy Space

v = maxg grco d2(Po|per) and A = ming_ g+ J(6%) — J(6)

Algorithm Exploration
Greedy -
UCB1 (Auer et al., 2002) deterministic

OPTIMIST (Papini et al., 2019)  deterministic
RANDOMIST randomized
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Finite Policy Space

v = maxg grco d2(Po|per) and A = ming_ g+ J(6%) — J(6)

E Regret(n)
Algorithm Exploration
v =00
Greedy - O(n)
UCB1 (Auer et al., 2002) deterministic O (x logn)

OPTIMIST (Papini et al., 2019)  deterministic O (x logn)
RANDOMIST randomized O (5 logn)
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I Finite Policy Space ’

v = maxg grco d2(Po|per) and A = ming_ g+ J(6%) — J(6)

E Regret(n)
Algorithm Exploration
v =00 v <0
Greedy - O(n) O (% log #2)
UCB1 (Auer et al., 2002) deterministic O (x logn) O (x logn)
OPTIMIST (Papini et al., 2019)  deterministic O (x logn) O (% log =z)
RANDOMIST randomized O (xlogn) O (%log )
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I Finite Policy Space

v = maxg grco d2(Po|per) and A = ming_ g+ J(6%) — J(6)

E Regret(n)
Algorithm Exploration
v =00 v <0
Greedy - O(n) O (% log #2)

UCB1 (Auer et al., 2002)

OPTIMIST (Papini et al., 2019)

RANDOMIST

deterministic

O
deterministic O (% logn) O (% log =z)
randomized O (

Lower Bound
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Compact Policy Space

© = [-D, D]* and v = supg gco d2(po |y’

Algorithm Approach Complexity [E Regret(n)

OPTIMIST (Papini et al., 2019)

RANDOMIST
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Compact Policy Space

© = [-D, D]* and v = supg gco d2(po |y’

Algorithm Approach Complexity [E Regret(n)
OPTIMIST (Papini et al., 2019) discretization $1+3 @ (\/vdn)
RANDOMIST
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Compact Policy Space

© = [-D, D]* and v = supg gco d2(po |y’

Algorithm Approach Complexity [E Regret(n)
OPTIMIST (Papini et al., 2019) discretization $1+3 @ (\/vdn)
RANDOMIST MCMC sampling dt? ?
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Numerical Simulations
lllustrative Examples (7 = R)
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Numerical Simulations
Mountain Car
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policy space
d=2

Parameter-based exploration (Sehnke
et al., 2008)

Gaussian hyperpolicy
MCMC with Metropolis-Hastings
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Numerical Simulations 13
Cartpole
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I Discussion and Conclusions "

Contributions
Formalization of mediator feedback and regret lower bounds

Novel regret minimization algorithm RANDOMIST, its analysis and numerical
simulations
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I Discussion and Conclusions "

Contributions
Formalization of mediator feedback and regret lower bounds
Novel regret minimization algorithm RANDOMIST, its analysis and numerical
simulations
Future works
Improve/Match the lower bound
Other perturbations for RANDOMIST
Other applications of mediator feedback (e.g., variational inference, Bayesian
networks)
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Thank You for Your Attention!

Paper: arxiv.org/pdf/2012.08225.pdf
Code: github.com/proceduralia/randomist
Contact: albertomaria.metelli@polimi.it

Web page: t3p.github.io/aaai
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