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Algorithm 1 Ensemble-based Actor Critic with Adaptive Behavior Cloning (EABC) Introduction
Input: offline dataset D, number of Q-ensembles /', confidence level p € [0, 1. Initialize critic * Offline reinforcement learning (RL) algorithm TD3+BC [1]
network ensemble (Qy. for i = 1, .../, and actor network 74, with random parameters 0);’s, ¢. achieved state-of-the-art performance when it was proposed.
[nitialize target networks 0; < 0;: ¢ < ¢. However, it performs poorly on offline datasets with inferior
for: = 1to71 do behavior policy.

Sample batch of N transitions {(s, a,r,s’,d)} from D.
a' < my(s") +e, e~ clipN(0,0), —c,c).
Compute pess(Q;(s',a’)).

y =1+ 51l —d)pess(Q;(s,a’)).

* We propose an offline RL algorithm, Ensemble-based actor-
critic with Adaptive Behavior Cloning (EABC), built on

Update critics: 0; < argminN ' > (Qq. (s, a) — y)=. TD3+BC, 4lming tq 1mpr0ve.perf0r.mance on datasets
0, collected with inferior behavior policy.
if ¢ 76 policy update frequency == () then

a < Tp(s). Lo .
Compute pess(Qg(s,a)). * We use a pessimistic ensemble of O-value estimates to

A= = S~ x__ I reduce variance, and leverage a weight function with user-
IN L |pess(QQo(s,a))|’ . . .
specified confidence level p to adjust the extent of behavior

Sample w(s, a) ~ Bernoulli(p). , , , . .
Update actor: ¢ < argmin/N | > [ Apess(Qo(s,a)) + w(s,a)(me(s) — a) Zlonlng, accounting for the quality of the underlying oftline
- ataset.

o
— )

Update target networks: 0; < 70, + (1 — 7)0;; ¢ < 7¢ + (1 — 7)¢b.
end if

end for * See Algorithm 1 to the left. The code 1s at the website:

https://github.com/Penguin0007/EABC.

based on the quality of behavior policy Task Name BC TD3 TD3+BC COL IQL wPC EABC (ours)
Given a user specified confidence level p € 0, 1], we adjust’ p.ircheetahor 22400 320422  11.0+1.1 175415 13.1+£13 197408 324407
the extent of BC through a Bernoulli random variable. hopper-r 3.740.6  26.8+5.1  8.540.6 7.940.4 79402 209494 31.5+0.4
1 with probability p walker2d-r 1.340.1 01402  1.6+1.7 5.141.3 54412 1.342.3 1.741.7
w(s, a) = 0 with probability 1 — p. halfcheetah-m  43240.6 3384118 483403  47.040.5 474402 532403  67.340.9
hopper-m 54.143.8 07400 593442  53.0428.5 662457 794420 = 924439
, o walker2d-m 7094110  0.6+1.0  83.7+2.1  733+17.7 783487 71.0431.6  89.0+0.6
* Bssentially a hyperparameter fine-tuning issue. halfcheetal 37.642.1 423478  44.6+05 455407 442412  48.1+04  61.4+1.6
. . walfcheetah-m-r 3/.012. FL.0 . 44.64().2 4.0 . 14.2+4+1.2 0. . .0
a common challenge in almost all algorithms. hopper-m-t 16.644.8 4444238 609+188 8874129 947+8.6 945438  102.6+1.4

walker2d-m-r 20.349.8  31.04+14.2  81.8£5.5 81.8+2.7 73.847.1 84.04+11.0 93.242.9

halfcheetah-m-¢ 44.0£1.6 6.247.1 90.744.3 75.625.7 86.7+5.3  63.7410.8 92.9+1.9
hopper-m-¢ 53.944.7 0.740.1 98.0+94  105.6t129 91.5+14.3 64.7429.1 104.01+3.6
walker2d-m-¢ 90.14+13.2 0.741.1 110.1£0.5 107.9£1.6 109.61.0 91.4+39.1 112.040.3

Boosting the performance with a pessimistic halfchectah-c 91.8+1.5  -2.7403  96.7+1.1  963+13 950405 649+13.0  97.6+0.2

e A set of five numbers {0.0,0.25,0.5,0.75,1.0},

covering representative scenarios of p.

hopper-¢ 107.740.7 1.3£0.5 107.8+7 96.51+28.0 109.440.5 44.4+449.2 111.240.3
Q value ensemble walker2d-c 106.74+02  1.840.3  1102+03  108.5+£0.5 1099412 68.1453.9  110.8+0.1
Simple implementation of ensemble: {Qg, }X ;. with Average 49.6+3.6 146450 675438 673491 689438 58.0+17.1  80.0+1.4
default number of ensembles K constrained to 10.
Y, . 1 K
~ \/ % — Conclusions
0=/ 73 ,._1(Qg, — Qo . . . . .
K1 iz (_Q « )A * With adjustable behavior cloning, we effectively
pess (Qo(s,a)) = Qo(s,a) — 0 improved algorithm performance on inferior data.

* Benefiting from the ensemble approach, the

Learning curves of EABC . . .
performance 1s stable with low variance.

s TD3+BC  wwww WPC e EABC , , o
 EABC has a simple, intuitive structure, and a
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