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Figure 1: Comparison of different levels of the hyperparameter () of ROIDICE in locomotion environments
using expert data quality. We average the scores and get +2x standard error with 5 seeds across 10 episodes.

1.2 Comparison of offline constrained RL algorithms

Data quality medium medium-expert expert
ROIDICE 9.2140.49 8.2940.18 8.51£0.25
VOCE 50th | 1.80740.63 1.33+1.28 1.3440.67

VOCE 80th | 1.79940.62 1.34+1.3 1.474+0.76
CPQ 50th 1.134+0.58 -0.06+0.41 -0.114+0.71
CPQ 80th | -0.10+0.64 -0.15+0.48 -0.70+0.19

Table 1: ROI of ROIDICE compared with offline constrained RL algorithms. We average the each scores and
get £2x standard error with 5 seeds across 10 episodes.

1.3 ROIDICE pseudocode

Luy =By [t(1 — 7)0(5)]
+ By [0504(5,0) (e (5,0) = pe(s, @) — af(w],, ,(s,a), 1) (1)
Ly =E(sapmdp [054(5,0) (e (5,0) = pe(s, @) — af(w], (s,a),)] +p (2)
L1 =Eanpy 10 = 1)0(5)] = Eoayman [0 (w],.4(5,0), 1) 3)

Algorithm 1 ROIDICE

Input: The offline dataset D, the initial state offline dataset py, parameterized Lagrangian multipliers vy, i, t,
and policy my.
Output: Optimal policy 7.
Initialize all parameters.
while convergence do
Update vy, pu,t with Ly, £, —L;
Update 6 with Ly = —E(s o)~p [+ wy (s, a) - logmg(als)]
end while

1.4 ROI of ROIDICE in Safety RL environments

Task ‘ CarGoal ‘ PointPush
ROIDICE 0.160£0.02 | 0.03340.01
COptiDICE 50th | 0.11940.01 | 0.026+0.01
COptiDICE 80th | 0.1154+0.01 | 0.022+0.01

Table 2: ROI of ROIDICE compared with offline constrained RL algorithms. We average the each scores and
get £2x standard error with 5 seeds across 10 episodes.



