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Offline Reinforcement Learning
Motivation

Why is Deep Learning so successful in real-world applications?

FEATURE LEARNING

CLASSIFICATION

Why is this not the same for Reinforcement Learning?

= Active data collection can be costly, impossible or unethical
Medical treatment,

Autonomous driving, ...

This hinders the application of active reinforcement learning to real world problems
Simulators are hard to design and the resulting observations inferior to real world data

- Need for data-driven reinforcement learning that uses passively collected real world data

1 http://vladlen.info/projects/scene-understanding/
2 https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53
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Offline Reinforcement Learning
Online (On-Policy) Reinforcement Learning

rollout data {(Sz‘, aj, 527 7“7,)}

S l

a_ |

rollout(s)

\

update

k41

Tk+1

1, 1S updated with streaming data collected by mj, itself
The transitions (s, a,r,s’) are collected using the current policy

Policy and transitions are perfectly related

Levine et al.: "Offline Reinforcement Learning: Tutorial, Review, and Perspectives on Open Problems”
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Offline Reinforcement Learning
Off-Policy Reinforcement Learning

rollout data {(s;,a;,s;,r;)}

I \

T

7Tk D

update

a |
\ rollout(s) j 7Tk"|‘ 1
7 k41

= New transitions (s, a,r,s") are appended to a buffer D

D consist of samples collected under the policies g, 74, ..., T, (With, e.g., an e-greedy sampling)
= All the data from D is used to train an updated policy ;.4 (i.e., transitions are sampled from D)
= Policy and transitions are dependent (strength depends on the size of D and ¢)

Levine et al.: "Offline Reinforcement Learning: Tutorial, Review, and Perspectives on Open Problems”

\

6 ~ 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 Reinforcement Learning vs. Behavioural Cloning

Behavioural Cloning
= Scenario: Data D collected from a behavioural agent mg
= Goal: Learn policy mg from D with supervised learning

Needs expert data to get a good policy

Unexpectedly high error bound due to generalization
that usually leads to poor performance in practice

Offline Reinforcement Learning

= Scenario: Data D collected from a behavioural agent mg

= Goal: Learn the best possible policy T using only data D
- Does not necessarily need expert data

Theorem 2.1 (Behavioral cloning error bound). If w(als) is trained via empirical risk minimization
ons ~ d"8(s) and optimal labels a*, and attains generalization error € on's ~ d™(s), then
{(r) < C + H?2e is the best possible bound on the expected error of the learned policy.

Proof. The proof follows from Theorem 2.1 from Ross et al. (2011) using the 0-1 loss, and the bound
is the best possible bound following the example from Ross and Bagnell (2010). O

Interestingly, if we allow for additional data collection, where we follow the learned policy 7(als)
to gather additional states s ~ d"(s), and then access optimal action labels for these new on-policy
states, the best possible bound becomes substantially better:

Theorem 2.2 (DAgger error bound). If w(als) is trained via empirical risk minimization on's ~ d"(s)
and optimal labels a*, and attains generalization error e on's ~ d™(s), then {(w) < C + He is the
best possible bound on the expected error of the learned policy.

Proof. The proof follows from Theorem 3.2 from Ross et al. (2011). This is the best possible bound,
because the probability of a mistake at any time step is at least ¢, and Zf{:l e = He. O
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Offline Reinforcement Learning
Why Offline RL Should Work in Principle

= Find the good behaviour in a dataset of good and bad behaviour

= Generalize to similar states and actions
. %1 https://bair.berkeley.edu/blog/2020/06/25/D4RL/

= Stich together good and bad behaviour
9 Z Fraurrhiofer o
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Offline Reinforcement Learning
Agenda
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= Summary

10

\

~ Fraunhofer

s



Offline Reinforcement Learning
Challenges of Offline Reinforcement Learning

11

Question

Can we just use off-policy methods to learn from static datasets?

Experimental Setup

Train Soft Actor-Critic (SAC) in a fully off-policy setting

Environment: Mujoco’s HalfCheetah-v2

Use a trained policy to generate expert demonstrations
Dataset contains successful task completions

https://bair.berkeley.edu/blog/2019/12/05/bear/
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Offline Reinforcement Learning
Off-Policy Algorithms for Offline RL?

Question
Can we just use off-policy methods to learn from static datasets? No!

Experimental results

9

12

n = size of dataset
None of the runs succeeds

Evaluation performance deteriorates with more training
(green vs. blue/orange)

but cannot be the main reason (see red curve)
Q-values even diverge for some datasets

Then why does it fail?

. HalfCheetah-v2: AverageReturn HalfCheetah-v2: log(Q)
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https://bair.berkeley.edu/blog/2019/12/05/bear/
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Offline Reinforcement Learning
Recap: Generalized Policy Iteration (GPI)

evaluation

Q-oQ"
N
T V
'\/
Q" m - greedy(Q)
starting T improvement
Q,r
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Offline Reinforcement Learning
Recap: Generalized Policy Iteration (GPI)

Policy Evaluation: For a given policy &, find Q

= The true state-action-value function satisfies the Bellman Equation:

Q(s,a) =7r(s,a) + yE[Q(s", m(s")] = TQ(s, a)
= Approximate dynamic programming is used to minimize the Mean Squared Bellman Error:

mein IES ~dg,a~T [(QB (Sr a) - TT[Q@ (Sr a))z]

Policy Improvement: For a given value function Q for «, find a better policy «,,,,,

Thew (8) = arg max, Q(s,a)

Policy Improvement Theorem:
= Let wand 7’ be two policies with V s € S: Q(s,7'(s)) = Vi (s), then ¥V s € S: Vi (s) = Vi (s)

14
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Offline Reinforcement Learning
GPI in the Offline Setting

[ Approximate |
Value Function

Policy ]
Improvement

[ Policy Evaluation ] [

A A

Offline data enters ( _
the algorithm | Policy I

o)
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Offline Reinforcement Learning
Offline Policy Evaluation and Distribution Shift

= \What we want to do:

2
mein Esva,, a~n [(T‘(S, a) + VEs p(s'1s0), a'~n(s')[Q9 (s',a)] = Qq(s, a)) ]

= What we would be doing naively:
2

(r+ 70 (s" (")) = Qo s a))]

min
0

SES,ac€A (sra'r'S’)EDls,a

= Which is the empirical approximation for:
2
mgn Es- , a~mg [(T + VIES'~p(s'Is,a'),a’~n(s')[QG (s’ a)] — Qy(s, a)) ]

> and action distribution shift
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Offline Reinforcement Learning
Offline Policy Evaluation and Distribution Shift

= The problem: P;,o; # Pryin
= Problematic in many domains:
How well does my model extrapolate
Adversarial examples
= In RL we have no ground-truth
bootstrapping the target makes the situation even worse

MY HORBY: EXTRAFOLATING

AS YOU CAN SEE, BY LATE
NEXT MONTH YOU'LL HAVE
OVER FOUR DOZEN HUSBANDS.
Y, BETTERGET A
BULK RATE ON
WEDDING CAKE.

https://xked.com/605/

17

Regression line

Response Y

New input X

Prediction

!

True regression
function
r(x)=E[Y|X=x]
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https://stats.stackexchange.com/questions/219579/what-is-wrong-with-extrapolation
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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
Bootstrapping Out of Distribution Actions

19

We can view policy evaluation as a regression problem with a bootstrapped target: y = r + yQq(s’, t(s"))

The objective is a (variant of) the mean squared error: (y — Qg (s, a))2

Due to distribution shift the bootstrapped y can be inaccurate as m(s") might be an out of distribution action
Errors are propagated through the state space and can potentially pollute everything

St =@ "\ St+2

V2. v e = Qp(5,@) — Q(s, )
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Offline Reinforcement Learning
Importance Sampling

= A classical method for off-policy training is importance sampling

= Define the importance ratio

mt(als)xd(s)
T[B(alS)anB(s)

p(s,a) =

= Adjust the policy evaluation objective
14 14 2
ZSES;GEA p(s,a) [Z(s,a,r,s’)ED|S,ar + YU (s',m(s")) — Qo (s, a)]

= This has the actual loss in expectation

2
IIE.:S ~dg, a ~n[(r + V]Es'~p(s'|s,a),a'~n(s’) [Qe (s', a,)] — Qg (s, Cl)) ]

\
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Offline Reinforcement Learning
Importance Sampling

= The adjusted objective becomes

n(als)xd(s) 2
Z < Z (r+yQq(s',m(s)) — Qq(s, a))>

SES;aEA (S)a'T;S,)EDls’a T[:B (als)Xdﬂ'B(s)

a € A with mg(als) =~ 0 is an out of distribution action
Consider mg(als) = 0 and m(als) > 0

Shortcomings

= |Importance sampling induces high variance if the importance ratios are large
= The importance ratio is large if = and g differ strongly

= Density estimation in high-dimensional states is notoriously difficult

= There are methods that use importance sampling
(see e.g. Off-Policy Policy Gradient with State Distribution Correction by Liu et al. (2019))

= In many cases we do not know mg!

\
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Offline Reinforcement Learning
Offline RL and Policy Improvement

[ Approximate |
Value Function

y

[ Policy Evaluation ] [ ImpI:c?\:leCr};\ent ]
Offline data enters ( . 1.
the algorithm \ Policy J
The maximizing
Buffer Q-value is selected
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Offline Reinforcement Learning
Policy Improvement and Bootstrapping

= We can view policy evaluation as a regression problem with a bootstrapped target: y = r + yQg(s’, m(s"))

= The objective is a (variant of) the mean squared error: (y — Qq(s, a))’

= The maximizing action is bootstrapped
This potentially draws the policy to out of distribution actions with large positive extrapolation error

The importance ratio p(s,a) becomes worse
Will be used for
backups

RN B
\
\

a a

https://bair.berkeley.edu/blog/2019/12/05/bear/
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Offline Reinforcement Learning
Extrapolation Error in Active Reinforcement Learning

= |n active reinforcement learning data is e.g. sampled using e-greedy strategies:
Feedback for (potentially overestimated) actions is collected
Overestimated Q-values are going to be corrected downwards

\
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Offline Reinforcement Learning
GPI in the Offline Setting

[ Approximate |
Value Function

Policy evaluation using the
wrong distribution [

[ POIlcy Evaluatlon ] < ———
Overestimation of bootstrapped target
values and increased distribution shift

[ 1.

L Pollcy J‘

Policy
Improvement

A A

o)
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Offline Reinforcement Learning
The Dilemma

= We want to improve upon the behaviour policy
~ m should differ from mg

= We want to be able to evaluate  using data from mg
~ m should be similar to g

- A tricky trade-off!

26
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Offline Reinforcement Learning
The Deadly Triad

= The main challenges in Offline Reinforcement Learning arise because of the Deadly Triad:

= Bootstrapping
Needed for efficient learning

=  Function Approximation
Needed for generalization

= Distribution Shift
A result of off-policy learning

\
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Offline Reinforcement Learning
Agenda

= What is Offline Reinforcement Learning?
= Challenges of Offline Reinforcement Learning
= Solution Approaches:
Policy-constrained Methods:
Batch-constrained Q-Learning (BCQ)
Conservative Methods:
Conservative Q-Learning (CQL)
= Summary
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Offline Reinforcement Learning
Solution Approaches

29

Policy-constrained Methods:
= Tackle the problem in the policy improvement step by keeping m close to mg using distance d(m, 7g)
= What to use as d?

Match the distributions: Batch-constrained Q-Learning (BCQ)

Match the support: Bootstrapping Error Accumulation Reduction (BEAR) (not covered here)

Conservative Methods:
= Tackle the problem in the policy evaluation step by being conservative in areas of high uncertainty
Learn a lower bound for the true Q-Function: Conservative Q-Learning (CQL)
Learn a model with a pessimistic reward function: Model-based Offline Policy Optimization (MOPQ) (not covered here)

Learn a lower bound for the true Q-Function and use additional data from a model:
Conservative Offline Model-Based Policy Optimization (COMBO) (not covered here)

\
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Offline Reinforcement Learning
Policy-Constrained Methods

= What is Offline Reinforcement Learning?
= Challenges of Offline Reinforcement Learning
= Solution Approaches:
Policy-constrained Methods:
Batch-constrained Q-Learning (BCQ)
Conservative Methods:
Conservative Q-Learning (CQL)
= Summary
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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
Batch-Constrained Q-Learning (BCQ)

= Batch-Constrained Q-Learning' was originally introduced 2019
= General idea:

Restrict the action space in order to force the agent towards behaving close to on-policy with respect to the subset of
the given data

Assumption: if bootstrapped actions are close, then the extrapolation error will be low

= The algorithm will be explained in three steps:
Theoretical BCQ in the tabular case
BCQ with function approximation in the discrete case
BCQ with function approximation in the continuous case

" Fujimoto et a.: Off Policy Deep Reinforcement Learning without Exploration. ICML. 2019.

\
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Policy-Constrained Offline RL
BCQ — Deterministic Tabular Case

Finite, Deterministic MDP

33

Actions: up,
Tabular Q-Function
Rewards are neglected for simplicity

—
53
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Policy-Constrained Offline RL
BCQ — Deterministic Tabular Case

Finite, Deterministic MDP

= Actions: up,

Tabular Q-Function

Rewards are neglected for simplicity

. are the observed transition counts t;
D consists of the transitions, where |t;] > 0

34

—
53
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Policy-Constrained Offline RL
BCQ — Deterministic Tabular Case

35

Finite, Deterministic MDP

Actions: up,
Tabular Q-Function
Rewards are neglected for simplicity

Estimate the restricted MDP

Solve the restricted MDP (e.g., using Q-Learning)

All policies that stay lie in the restricted MDP can
be accurately assessed because of the determinism

O

>

S;
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Policy-Constrained Offline RL
BCQ — Stochastic Tabular Case

Finite, Stochastic MDP

= Actions: up,

= Tabular Q-Function

= Rewards are neglected for simplicity

36 ~ Fraunhofer

s



Policy-Constrained Offline RL
BCQ — Stochastic Tabular Case

Finite, Stochastic MDP
= Actions: up,
Tabular Q-Function

Rewards are neglected for simplicity O
! are the observed transition counts t; O/":&i"“

D consists of the transitions, where |t;] > 0

: : : —
So Sy S2 S3
37 Z Fraunhofer
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Policy-Constrained Offline RL
BCQ — Stochastic Tabular Case

38

Finite, Stochastic MDP

Actions: up,
Tabular Q-Function
Rewards are neglected for simplicity

Estimate the restricted MDP
Solve the estimated MDP (e.g., using Q-Learning)

Quality of the learned policy depends on the
quality of the estimation

When deploying the policy, the agent might
be swept into the unknown!

>

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

BCQ with Function Approximation — Continuous Case

= Problem:

g(als)
max ng(als)

Computing the restriction > € is not so straightforward in the continuous case

= BCQ addresses this using three counter-measures:

A Conditional Variational Autoencoder 7iz(- |s) is used to sample actions
Additionally, a perturbation model improves the sampled actions a; ~ fig(- |s) in a neighbourhood

(Soft) Clipped Double Q-Learning' fights overestimation in continuous action spaces

1 Fujimoto et al.: Addressing Function Approximation Error in Actor-Critic Methods. ICML. 2018.

\
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Policy-Constrained Offline RL
BCQ — Sampling from the Behaviour Policy

M

Goal: Sample from the behavioural policy g (- |s)
Problem: mg (- |s) is unknown and difficult to sample from
Solution: Conditional Variational Autoencoder

Generate samples from a trained VAE:
Sample z; from the latent space (encoder is not used)
Decode a; = dec(z;, s)

state |—»

) .
Encoder U,z Decoder

State

\
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Policy-Constrained Offline RL
BCQ — Perturbation Model
= Situation: In state s” we have obtained sampled actions a; from fig(- |s")
= Problem: Finding a good action requires many samples
= Solution:
Train an additional perturbation model ¢ that improves the Q-value of a; in a neighbourhood
The goal is ¢4 (s, a, ®) = arg maxye[—o, 10 (s, a + v)
® = 0 -> Behavioural cloning
® = o0 > Q-Learning
It is trained with the DDPG algorithm A -

a

N

a + arg max,c—-o.0] O(s,a +v)

\/

\
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Policy-Constrained Offline RL
BCQ — Soft Clipped Double Q-Learning

- Situation: In state s we have perturbed actions a; from 7z (- |s) resulting in a; = ¢(s, a;, @)

* Problem: Vanilla Double Q-Learning can be ineffective when the networks are too similar
- Overestimation of Q-values

 Solution:
Use a convex combination of the minimum and the maximum

Yy = maXg'—qx  ak {/1 | miniQQeg (s',ah)+(@1-2)- maXngi’ (S,: Cl’)} Q *

When 1 € [0,1] is large this penalizes uncertain regions

/\nliin Qi(s,a) + (1 —N) max Qi(s,a)

e
1\
-+

Q2(s,a)

\
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Policy-Constrained Offline RL

Continuous BCQ — Algorithm

Algorithm 1 BCQ

Input: Batch B, horizon T, target network update rate
7, mini-batch size N, max perturbation ®, number of
sampled actions n, minimum weighting \.
Initialize Q-networks (g, , Qg,, perturbation network &4,
and VAE G, = {E,,,, D, }, with random parameters 61,
02, ¢, w, and target networks Qg , Qg;, s With 0] <
91,(9/2 — 0, qb’ — gb
fort =1to 1 do

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

M?O.:Ew1<s7a)7 d:Dw2(87Z)7 ZNN(/'IJ7O—>
w < argmin_ > (a —a)* + Dy (N (u, o) [IN(0,1))
Sample n actions: Qai ~ G,(s) F?Zl
Perturb each action: {a; = a; +&,(s".a;, ) }7 |

Set value target y (Eqn. 13)

6 < argming Y (y — Qo(s,a))”

¢ < argmax, ) Qo (s,a+&p(s,a,P)),a ~ Gy (s)
Update target networks: 6; <— 70 + (1 — 7)0,

¢ 1o+ (1—7)¢

end for

44

train CVAE

sample from CVAE and perturb

clipped target
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Policy-Constrained Offline RL

Continuous BCQ — Results

|
m BCQ m DDPG m DQN m BC m VAE-BC mm Behavioral
HalfCheetah-v1 Hopper-v1 Walker2d-v1 g HalfCheetah-v1 Hopper-v1 Walker2d-v1
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-
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Q-Learning

= Objective: m1n(r+y ,I’éljl(X)Qg(S ,a') — Qq(s,a))?

= Policy: m(s) = argmax,c (s) Qo (s, a)

. B ~mp(als)
Remember: A; "~ (s) = {a € A(s): max7ig(als) =

BEAR /

* Policy constraint: AZ54%(s) = {a € A(s): fig(als) = €}

= Objective: (r +y- Qg (s',a’) — Qg(s, a))

ma
a EABEAR(S’)

= Policy: m(s) = argmax Qg (s, a)
AR(S)

>e},

only for reference

0.25
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Offline Reinforcement Learning
Conservative Methods

= What is Offline Reinforcement Learning?
= Challenges of Offline Reinforcement Learning
= Solution Approaches:
Policy-constrained Methods:
Batch-constrained Q-Learning (BCQ)
Conservative Methods:
Conservative Q-Learning (CQL)
= Summary
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Conservative Offline RL
BCQ and BEAR — Uncertainty Perspective

= Different areas of the Q-Function are associated with different degrees of (un-)certainty
= BEAR and BCQ address the uncertainty by restricting the policy to certain areas where we think we are certain

How else could we address uncertainty?

Naive Q-function ‘

Actual Q-function

Action support a

https://bair.berkeley.edu/blog/2020/12/07/offline/

\
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Conservative Offline RL
Conservative Q-Learning

49

Idea of CQL":
= Instead of constraining the action set for bootstrapping, ...

= .. .be conservative in the estimation of state-action-values
that are not in the dataset!

Q(s,a)]

Tackles the problem in the policy evaluation
by staying conservative in uncertain areas

Implicitly keeps the policy away from out of
distribution actions

- Learn a value function such that the estimated performance of the
policy under this learned value function lower-bounds its true value!

Conservative Q-function

Action support a

https://bair.berkeley.edu/blog/2020/12/07/offline/

" Aviral Kumar et al.: Conservative Q-Learning for Offline Reinforcement Learning. NeurlPS. 2020.
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Conservative Offline RL
Conservative Evaluation

= Goal: find lower bound to @ using data D collected from s

= Let T, be the empirical Bellman operator for policy m estimated from D
= CQL regularization

Minimize Q(s,a) on s € D, a~ w(s)

For a ~ mg(s) there is no need to be conservative - additionally

= CQL optimization problem for policy evaluation

inn a - (IES~D,a~7T(S) [Q(s,a)] — ) + %Es,a,s’~1) l(Q(s' a) — THQ(S' a))zl )

where « is a trade-off parameter to control how conservative we are.
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Conservative Offline RL
Conservative Control
= Goal: Find a good policy m from offline data D collected from mp

= |terate between policy improvement and conservative
= Online Conservative Q-Learning (m is the current policy)

1 A 2
max 11 (CEo-p.a~pqais) [0 @] = @ 0-p[Q(, 1) + 5 Esaerp (0 @ = 7704, 0)) |

= Policy improvement can be done using an actor or standard Q-Learning
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Conservative Offline RL
CQL - Performance U-Maze

= Ant Maze:
Navigate from start to goal

Dataset consists of random motions and no single trajectory solves the task
The Offline RL algorithm needs to “stich” different sub-trajectories

Medium

E‘EI

U-Maze 65.0 73.0 70.0 56.0 78.9 74.0
U-maze + diverse 55.0 0.0 61.0 70.0 70.3 55.0 0.0 84.0
Large Maze
Medium + play 0.0 0.0 0.0 0.0 0.0 0.0 0.0 61.2
Medium + diverse 0.0 0.0 0.0 0.0 0.0 0.0 0.0 53.7
Large + play 0.0 0.0 0.0 0.0 0.0 6.7 0.0 15.8
Large + diverse 0.0 0.0 0.0 0.0 0.0 2.2 0.0 14.9

https://bair.berkeley.edu/blog/2020/12/07/offline/

\

52 ~ Fraunhofer

s



Offline RL / Summary
Why Offline RL Should Work in Principle

= Find the good behaviour in a dataset of good and bad behaviour
= Generalize to similar states and actions
= Stich together good and bad behaviour

~ Fraunhofer
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https://bair.berkeley.edu/blog/2020/06/25/D4RL/
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Offline Reinforcement Learning
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