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ABSTRACT

Safety is a major concern in reinforcement learning (RL): we aim at
developing RL systems that not only perform optimally, but are also
safe to deploy by providing formal guarantees about their safety.
To this end, we introduce Probabilistic Shielding via Risk Aug-
mentation (PROSH), a model-free algorithm for safe reinforcement
learning under cost constraints. PROSH augments the Constrained
MDP state space with a risk budget and enforces safety by apply-
ing a shield to the agent’s policy distribution using a learned cost
critic. The shield ensures that all sampled actions remain safe in
expectation. We also show that optimality is preserved when the
environment is deterministic. Since PRoSH is model-free, safety
during training depends on the knowledge we have acquired about
the environment. We provide a tight upper-bound on the cost in
expectation, depending only on the backup-critic accuracy, that is
always satisfied during training. Under mild, practically achievable
assumptions, PROSH guarantees safety even at training time, as
shown in the experiments.
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1 INTRODUCTION

A key challenge in Al is designing agents that learn to act opti-
mally in unknown environments [14]. Reinforcement Learning
(RL) - particularly when combined with deep neural networks
- has made impressive strides in domains such as games [9], ro-
botics [5], and autonomous driving [4]. However, ensuring safety
during both training and deployment remains a critical barrier to
real-world adoption. This paper focuses on safe learning in Con-
strained Markov Decision Processes (CMDPs), where agents maxi-
mize the expected discounted reward, while keeping the cumulative
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expected cost below a given threshold. Traditional methods, such
as Lagrangian approaches [2, 10, 12], allow to converge towards a
safe policy, but do not provide formal guarantees on safety, neither
during training nor on the provided policy.

We introduce PROSH: a novel probabilistic shielding method that
ensures safety also at training time, in model-free RL. Unlike classic
shielding methods that restrict unsafe actions based on a model of
the environment, PROSH operates on distributions, augments the
CMDP with a risk budget, and uses a learned cost critic to guide safe
exploration. Crucially, PROSH does not assume access to a simulator
or environment abstraction, and is compatible with continuous
environments. We provide a formal bound for the safety of PRoSH.
In addition, we show that PrRoSH is optimal in the deterministic
setting and that it is safe in both cases up to a controllable and
vanishing coefficient. The full version of this paper is available at

[7].
2 PROSH: THE AUGMENTATION METHOD

Our approach uses risk-augmentation, similar to [6], whereby each
state is paired with a risk budget that represents the expected cost
the agent is allowed to incur from that point onward. To each
state—action pair (s,a) with a € A(s), we associate an estimate
of the achievable minimum expected cost, denoted by the critic
(s, a), and define Qp(s) = mingea(s) Qp (s, a).

DEFINITION 1 (RISK-AUGMENTED CMDP). For any CMDP M =
(S,A,s:,P,R,C,d,yr, vc), we augment the set of states and actions,
S = Sx R and A(s,x) = A x R. The Transition Probability Func-
tion is defined as P((s',x)|(a, ya), (s,x)) = P(s'|s, a) if yex’
Yy — QOp(s,a) + y.Qp(s’) and 0 otherwise.

The transition function P ensures that the corresponding risk is
spread coherently to each state in the non-deterministic case.

We consider policies that keep the risk budget synchronized with
the CMDP dynamics. For these policies, the risk budget corresponds,
up to a controllable factor, to an upper bound of the expected cost.
We call these the Qp-shielded policies. These policies are safe, see
[7] for the complete theoretical framework.

DEFINITION 2 (Qp-SHIELDED POLICIES). We define the backup
policy m, on M as for any s € S, mp(s) = 8q,, where Qp(s, a9) =
minaeA(s) Op(s, a). ~

A policy 7 is said to be Qp-shielded if for any (s,x) € S, if
x = Qp(s), there exist (Pg)aca(s) and (ya)_aeA(s), with y, > Qp(s, a)
foralla € A(s), such that for all (s,x) € S,

(s, x) = Z Pab(ayq)s x 2 Z Paya,
acA(s) acA(s)

and 7w(s, x) = O(y (s),x) When x < Qp(s).
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The policies are shielded when they always allow a budget for the
actions larger than the estimated minimal cost of taking this action.
Moreover, the total budget allowed for the actions is, in expectancy,
smaller than the current budget. For a shielded policy 7, there exists
a policy 7 simulating 7 in M that we call the projection of 7 onto
M. We now present the Qp-shield, denoted =g, , that takes an
augmented policy and outputs a Qp-shielded policy.

THEOREM 1. Let 7}, be the policy that chooses (7 (s), Qp (s, a)) in
any augmented state (s, x), and V be the set of augmented policies
7 such that for any (s, x), there exist (Pa)aca(s) and (Ya)aeca(s) with
Ya = Qp (s, a) satisfying 7(s,x) = X, Pad(ay,)- Forany T € V, the
policy Eg, (7) defined as

8y (s),x)> forx < Qp(s),
the mixture (1 — )7 + A7y, x < Qp(s),

S0, (M(5.0) = {

where A = (x — X, Paya) /(Qp(s,a) — 2q Paya), is called the Qp-
shield of & and is Qp-shielded.

Learning Algorithm. We present a minimal version of the train-
ing loop for the main actor in Algorithm 1. A complete implementa-
tion is proposed in [7]. The shield acts on distribution, rather than
actions. It uses the values provided by the critic Q; and combines
it with the backup action to obtain a safe distribution.

Algorithm 1 ProSH: Main Actor only

1: Input: cost budget d, margin J, cost discount y,

2: Initialize main actor ﬁ;/' , backup critic QZ

3: for each episode do

4: se—s, x—d-0

5 while not done do

6 Shield: e — Eg, (7)(s,x)

7: Sample (a,y) ~ safe

8 Execute (a,y), observe (s, x’), reward r, cost ¢
9 Store transition ((s, x), (a,y),r, ¢, (s',7"))

se—s',rer
11: end while
12: Update:

o Update 7p using shielded distributions from memory
13: end for
14: return projected policy n;p

The shield precedes sampling, so the exploration is budget-safe.
The choice of the RL update for 6 is open (e.g., PG, PPO, A2C).
Additionally, the backup critic Qp can be learned, either in parallel,
off-policy, or even pre-computed. The following theorem holds.

THEOREM 2 (SAFETY AND NEAR-OPTIMALITY). (i) Atanystep
of the algorithm, the output policy 7 satisfies, with Q; the min-
imal cost and xo > Qp(so),

Ap = 11Qp — QI

_ 2Ap
Ctsom) () < %0 + 7 o
(ii) The algorithm is asymptotically optimal in deterministic en-
vironments as A, — 0. More precisely, with II the set of all
policies in M, there exists a shielded policy & with cost at most

d+28 for& = %ch, such that R(7) > maxyem, c(r)<d R(7).
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REMARK 1 (ON ASSUMPTION Ap — 0). Under several assumptions
(e.g. tabular case, Over-parameterized neural networks,Batch
(fitted) Q-evaluation) , we have A, — 0 [3, 8, 15, 16].

3 EXPERIMENTAL EVALUATION

We compared ProSH with PPO-Saute [11], TD3-Lagrangian [10],
PID-TD3 [13], FOCOPS [17] and CPO [1]. Please refer to [7] for
the complete benchmark. PROSH maintains a high level of safety
during training. PPO-Saute is the only other algorithm that achieves
a comparable level of safety, although with reduced performance.
The results suggest that PROSH provides the best trade-off between
safety and performance in the evaluated environments, especially
when ensuring safety is critical.
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