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Reinforcement learning agents
demonstrate high potential in B

solving complex tasks. ALLI SYSTEMSGO

How can we make them safe?




Constrained Markov decision processes

Formulating safety in reinforcement learning
Model-based RL training loop

J=E,p [, 4] Collect
Goal: max g J (7, p*) e data
\ S -7
S.t.
Je = Enp [ ]
Je(m,p*) < d e
* _______ -

Altman (1999). Constrained Markov
Decision Processes




How do we use optimism and pessimism?

|Idea: use the dynamics to be optimistic for the rewards and pessimism for the
costs.

Optimism

J z \J
Goal: max ¢y J (7, p*) MaXnrell mangp ( 41 \F

s.t. — SHER
*
Je(m,p*) < d maxycp Jc(ﬂ'ap) <d ﬁ ﬁ
h

Where P* are the true unknown dynamics el - 1H

—————————— peSS|m|5m

@ But the inner maximization is @
e intractable... e



Upper bounds estimation via posterior sampling

o~ p(6ID) 1. Sample model.
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5. Obtain optimistic/pessimistic

evaluations.
SWAG: Maddox et al. (2019). A Simple Baseline for

Bayesian Uncertainty in Deep Learning. RSSM:

Cost Reward
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LAgrangian Model-BaseD Agent (LAMBDA)
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Solving the
constrained problem Performing gradient
—> ascent on the Lagrangian
0~ p(6|D) wmp and gradient descent on
Cost Reward the

Nocedal & Wright (2006). Numerical
Optimization. Springer, 2nd Edition.



Benchmark with Safety-Gym

Robots, tasks and observations

PointGoal1 PointGoal2 CarGoal1 PointBox1 DoggoGoal1 PointButton1




Experimental results
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LAMBDA can efficiently learn to
solve complex tasks which
require safe behavior,

from image observations.
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