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PROBLEM AND MOTIVATION MODELING AND PROPAGATING UNCERTAINTY

Modelling Uncertainty

* Reinforcement Lerning (RL, Sutton and Barto, 2018): 1: Initialize Q(s, a) with the prior Q,

find optimal policy 7* maximizing the value function v™ * Problem: How to model the uncertainty on the action-value function estimate? 2: fort=1,2,...do
from each state s: e |dea: maintain a probability distribution for each (s, a) (Dearden et al., 1998) —> O-posterior 9 (s, a) 3: Take action A; ~ 74 (+|St)
(400 T  Employ a class of approximating probability distributions £ 4 Observe S;+1 and Ri4q
Z (S, A)|So = s e Define the V-posterior V(s) as the Wasserstein barycenter of the Q-posteriors: 5 Compute V;(S¢+1)
stﬁfﬁ((.}'iﬂt) -t=0 - 6: Compute Update Q;41(.S:, A¢)
V(s) € arg inf E [WQ (V, O(s, A))ﬂ — 7: end for

e Value-Based RL

1. estimate the optimal action-value function q* for each
state-action pair (s, a):

ve2 A~m(|s) A(s,a1) 9O(s,az) Q(s,as)

— In prediction problems 7 is the policy we want to evaluate
— In control problems 7 aims at selecting the best action in state s

EXPERIMENTS
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2. The optimal policy 7" is any greedy policy w.r.t. ¢* Propagating Uncertainty _ :J 3.0 et
=
T (s) € arg maxq*(s,a) e Problem: How to propagate uncertainty through a transition (s, a, s’, r)? IR 3.0
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* Trade-Off between e Idea: combine the Q-posterior O, (s, a) and the V,(s") using Wasserstein barycenters 2 0
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exploring new portions of exploiting current :
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the state-action space to (uncertain) information to

reduce uncertainty decide the best action
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o . 2. Combine the 7, (s, a) with O, (s, a) using the Wasserstein Temporal Diferrence (WTD) with learning rate o: - 3
e We need a way of quantifying the uncertainty on the 2y
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° ° ° ° ° CS i
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—> We propose to use Wasserstein barycenters to
combine the uncertainty of the state-action pairs

Estimating the Maximum and Exploring

e Problem: How to select policy 7 in a control problem? How to define a proper exploration policy? ATARI GAMES

e Idea: exploit the Q-posteriors to define suitable policies 7 10t Asterix x10*  ZHOHO
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