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I Background

(a) online reinforcement learning

rollout data {(si.ai. s}, 7:)}
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Notions

MDP : M =(S,A,R,P,p,7)
Value function : V(s)

Action value function : @ (s,a)

Objective function of 7 : J(mw,) = B o(e)amm |30)[
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I Motivation PElr'NEE

Uncertainty in offline RL represents agent's estimation of environment

Static datasets of offine RL  the learned policy is often conservative

|

The learned policy penalizes actions with high uncertainty to avoid OOD actions

~ JO=B.u|Byp,[Q"(s,0)]—alr, (Py ()]

Use an ensemble of Q-networks —

~ take the minimum Q value while update Q-networks

But it remains unclear whether conservative objectives are the best approach for designing
offline RL algorithms.
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I Motivation

City navigation Locked doors

- + Offline Data Coverage q
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Observation rc
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Standard offline RL : error prediction of
image will try to open a locked door forever

Efficiency first : the side street
Conservative policy : the large road

Adaptive : try the side street and reverts to the Adaptive : try another door

large road if unknown circumstances arise
| Y
Offline RL Policies Should be Trained to be Adaptive

J
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I Analysis PElr'NEE

Many potential MDPs behave identically in the dataset,

Insufficient data coverage but differ on out-of-sample states and actions.

The dataset does not uniquely identify  of the true environment

So the dataset induces epistemic uncertainty about the identity of the MDP

From a Bayesian perspective:
Given a prior distribution over MDPs P(M),then P(M|D)c P(D)P(D|M)
Because the learned policy will be deployed into the true MDP, so the Bayesian objective is

Jpayes (1) 1= By _poupy I (m)] <= the expected return of

epistemic POMDP
where J ,, (r) = E, [Z tzwt?"(st,at)}
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I Analysis PElr'NEE

POMDP is defined by (8,4, 0,P,0,r,p,7)

The epistemic POMDP : J, (7) = Jpayes (1) ; 5: = (s, M) ; P((s'\M")|(s, M),a)
O((S,M)):S ) T((S, M),G)ZTM (870') ; p((S, M)):P(M|D)p/\/l (3>

Use the parlance of partial observability to describe how uncertainty induced by the offline
dataset affects policy learning and evaluation process under a Bayesian viewpoint.

Proposition A.1 (Sub-optimality of Markovian policies and optimality of adaptiveness). Let n € N. There are offline RL
problem instances (D, p(M)) with n-state MDPs where the adaptive Bayes-optimal policy achieves Jpayes (ﬂ;‘dapﬁve) =

—2n but the highest performing Markovian policy achieves return of a magnitude worse: Jpayes(T pion) < — %nQ.
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| Method ParN,C

The posterior distribution P (M |D) is unacquirable, so use P(Q%|D) instead

(Because the value function &1 entangles the necessary information about both dynamics
and rewards for a given policy)

P(M|h,D
Difine relative MDP belief b(h)(M) = Ig(/\ll,p))

Traditional policy gradient VgJ g (7T9) = Ep~r :Veanm)(-m) [QWM(ha CL)H

Bayesian policy gradient Vo Jpayes(70) = Bz [ Vo Barry1s(n),0 ) Bar - p i [ 0 (7)) (M) QT (B0 )]

The update of Q function : Qh(s,b,a) = r(s,a) + YEy 0 [QM(S, 0, 0)]  (5)

where b’ := BeliefUpdate(b, (s, a, r, s)) is the new relative
MDP belief after witnessing (s, a,r,s"),

BeliefUpdate(b, (s,a,r,s)) (M) o pa(r, s'|s,a)b(M)
(6)
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| Method ParN,C

P(M|h,D) P(h,DIM)P(M) P(h|D,M)P(D)P(M) P(h|D,M)P(M)
P(M|D)  PM|D)P(h,D) P(M|D)P(h|D)P(D) P(M|D)P(h|D)

Because P(M|D),P(M) is fixed for different M, and for different h, P(h|D) is the same or similar
b(h') (M) P(W'|D,M)=P, (s, r|s,a)P(h|D,M)
= b(h) (M) o< Py (s',r|s,a)b(h) (M)

b(h) (M) =

Without model, replace Pu((s',7|s,a) by logPy (s',r]s,a) =-|Qu(s,b,a)- (r +vE,_ [Q:(s',b,a")])

Finally, the actor loss and critic loss are :

A

L critic ( @ )

By ars)~D0~p0) [(Q’“ (5,b,0) — (r T [Qk (5,8,0) } )) 2}

£actor (ﬂ-) — E5~D,b~p(b) |:]Ea~7r(- |s,b) |:Z bk@k (87 b7a'):|:|
k



BEIGHAISHLEIT 87

FAttern Recognition and NEuwral Computing

| Method ParN,C

Algorithm 1 Adaptive Policies with Ensembles of Value Functions (APE-V)

Receive input: dataset D, number of ensemble members n
Initialize policy 7(-[s,b) : S x A, = A(A) ) 1 117
Initialize ensemble of value functions {Q1, ... Q,}, where Qx(s,b,a) : S x A, x A R—> by = [ ]
while 7 has not converged do

Sample transition (s, a,r, s’) ~ D from dataset and possible belief b ~ p(b)

Approximate next-step belief b’ = BeliefUpdate(b, (s, a,r, s')) using Equation 9

Optimize value functions to minimize TD error taking into account the updated belief b — b’

min £(Qx) = (Qx(s,b,a) — (r + '}/]Ea_r,\m(_w,b:)[é?k(s’, b.,d')])? Vke{l,...n} (7)

Optimize adaptive policy 7(-|s, b) to maximize b-weighted average of value [functions

max Eo_ ~x[Y  brQx(s, b, ar)] (8)
k

7(-|s,b)

end while

Algorithm 2 APE-V Test-Time Adaptation
So = ENV.RESET()

Initialize belief vector to uniform: by = [~,..., =]

for environment Step i = 0, 1j ... do Belierpdate(b’ (s’ a” fr’ S)) (M) X pM (T} 8,[8, a)b(M)
Sample action: a; ~ 7(+|s¢, by) . . .
Act in environment: 7, s, ¢ ENV.STEP(ay) log Py (s',7]s,a) =- ‘Qk(s,b,a)- (r+ nya,NW[Qk(s',b,a')])‘

Update belief vector using new transition (Eq 9)
b1 = BeliefUpdate(b;, (s, as, ¢, Sp41))
end for




I Experiment

Locked Doors with CIFAR10
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===« (QOurs) Evaluation-only Adaptation

Table 2. Maze-solving success rates, averaged over 4 seeds.

200 Train Levels 1000 Train Levels

Train Test Train Test
No Ensemble | 0.96 +to.02  0.24 +.02 | 0.93 +0.01  0.75 +0.03
Conservative | 0.96 +0.02  0.23 +0.02 | 0.93 +0.01  0.75 +0.04
APE-V 0.97 +0.00 0.31 +0.04 | 092 +0.01  0.79 +0.04
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I Experiment PElr'NEE

D4RL benchmark
SAC REM CQL IQL SAC-N
A ey BE (Haarnoja etal., 2018) (Agarwal etal., 2020) (Kumar et al., 2020) (Kostrikov et al., 2021b)  (An et al., 2021) AR
halfcheetah-random 22+0.0 29.7+1.4 0.8+1.1 354 31.343.5 29.8+1.6 29.9+1.1
halfcheetah-medium 43.240.6 55.2427.8 0.8+1.3 444 47.440.2 67.5+1.2 69.1 + 0.4
halfcheetah-medium-expert | 44.0+1.6 28.4+19.4 0.743.7 62.4 95.0+1.4 102.7+1.5 101.4 + 1.4
halfcheetah-medium-replay | 37.6+2.1 0.8+1.0 6.6+11.0 462 442412 63.9-+0.8 64.6 + 0.9
hopper-random 3.7+0.6 9.9+1.5 34422 10.8 53406 31.3+0.0 31.3+0.2x
hopper-medium-expert 53.944.7 0.740.0 0.840.0 111.0 96.9+15.1 110.1403 | 10572 + 3.7
hopper-medium-replay 16.6+4.8 7.440.5 27.5+15.2 48.6 94.748.6 101.8+0.5 98.5 + 0.5
walker2d-random 13+0.1 0.940.8 6.948.3 7.0 54417 163+9.4 155+8.5
['walker2d-medium | 70.9+11.0 -0.3+0.2 0.240.7 74.5 78.348.7 87.9+0.2 90.3 + 1.6
walker2dimedium-expert | 90.1+13.2 1.94+3.9 0.1+0.0 98.7 109.1+0.2 116.0+6.3 1100+ 1.5
walker2dimedium-replay | 20.349.8 -0.4+0.3 12.5+62 326 73.8+7.1 78.7+0.7 82.9 + 0.4

These tasks generally do not have data distributions that lead to multiple salient hypotheses

c 95 —
D[RR SR -4 Adaptive

& 90

B Average

N g5

g Adaptation within the episode indeed allows the policy

S 80 to adapt to a better strategy than it may have started with.

Individual Ensemble Performance (ordered)
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I Discussion PElr'NEE

Sota algorithms in offline RL

Policy Constraints Regularization
A TD3+BC ~ 'COMBO
+
AWAC *SAC-N
. About traditional RL Adaptive
APE-V
One-step : :
Hindsight
Onestep RL DT

RvS
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