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Exercise 12: Offline
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Overview

Exercise Content

Week

10

11

12

13

Date

23.04.

30.04.

07.05.

14.05.

22.05.

28.05.

04.06.

11.06.

18.06.

25.06.

02.07.

09.07.

16.07.

Topic Material
no exercises
MDPs
Dynamic Programming
OpenAl Gym, PyTorch-Intro
TD-Learning
Practical Session (zoom@home) Attention: Lecture Slot!
TD-Control
DQN
VPG
A2C
Multi-armed Bandits
RND/ICM

MCTS

BCQ
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Offline Reinforcement Learning
Discrete Batch-Constraint Q-Learning (BCQ)

Side 3 ~ Fraunhofer

s




Offline Reinforcement Learning
Fully Offline Reinforcement Learning

learn

\_ rollout(s) jl 70 | \_ deployment j

datacollectedonce e= == == == = |
with any policy training phase

= Offline RL uses a dataset D collected by some behavior policy mg
g is potentially (or often assumed to be) unknown
= D is collected once and not changed during training
Transitions are sampled from D
No interaction with the MDP; Policy is deployed after being fully trained.
n POHCy and transitions are independent Levine et al.: "Offline Reinforcement Learning: Tutorial, Review, and Perspectives on Open Problems”
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Offline Reinforcement Learning
Offline Policy Evaluation and Distribution Shift

What we want to do:

2
[ES~ , A~ [(T + y[Es'~p(s'|s,a), a' ~m(s) [Qg (s, a,)] — Qg (s, Cl)) ]

What we would naively do:

2
B~y a~mg [(r t VEs p(s' sa), o'~ Q0 (5 aD] = Qo s, “)) ]

Problem arises during test time

Does not invalidate the learned strategy on the states in D because unobserved states are never queried during training
= Action distribution shift:

Already problematic during training as inaccurate action values are used as bootstrapped targets

Can invalidate the learned strategy even on states in D
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Offline Reinforcement Learning
Policy-Constrained Methods

= The problems arise because the maximizing action is selected without uncertainty considerations

Tnew (s) = arg max, Qg(s, a)
= Define the admissible set of policies I = {n | d(m, mz) < €) where d is a distance measure

= Consider a constrained policy improvement step

Mnew = aAr'g MaXpeyy, E[Qg(s,m(s))]
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Policy-Constrained Offline RL

BCQ with Function Approximation — Discrete Case

= Q-Learning:
. roory 2
meln(r + yalrélﬁsi,) Qo(s’,a") — Qg(s, )
= Let us define

fig(als
ABCe(5y = la € A(s): plals) |
mgxnﬂ(als)

where € € [0,1] is the threshold parameter and 7tz an estimate for the behaviour policy

= The constrained targetisy=r+y- max Q(s’,a’)
a’€eA,; Q(sh

e = 1 - behavioural cloning
e =0 > Q-Learning

= The learned policy is m(s) = argmax Q(s, a)
aEAfCQ(s’)
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Policy-Constrained Offline RL
Discrete BCQ

Algorithm 1 BCQ

1: Input: Batch B, number of iterations 7, target_update_rate, mini-batch size /N, threshold 7.
2: Initialize Q-network gy, generative model GG, and target network Qg. with 6’ « 6.

3: fort =1to1T do

4. Sample mini-batch M of N transitions (s, a,r, s’) from B.

S: a’ = argmax, q  (a’|s’)/ max a Gy (als’)>r QB(S,7 (L’)

6: 0 < argming ), .. el (r+7Q0 (8", a") — Qols, a))

7

8

9:

w 4= argming, — . e 108 Gu(als)
If £ mod target_update_rate = 0: 6" < 6
end for
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Exercise Sheet 12
Discrete BCQ
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