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Summary
An important problem in reinforcement learning is designing agents that learn to solve tasks

safely in an environment. A common solution is to define either a penalty in the reward function
or a cost to be minimised when reaching unsafe states. However, designing reward or cost
functions to incentivise safe behaviours with maximal probability is non-trivial and can increase
with the complexity of the problem. To address this, we propose a simple algorithm for agents
to automatically learn the penalty for unsafe transitions while learning to solve the given task.
Precisely, the agent keeps track of its lowest and highest estimated state-values, then simply
uses their difference as the penalty for unsafe transitions. Importantly, our approach can be
used with any base RL algorithm since it only modifies the rewards perceived by an agent, and
introduces no new hyperparameters that would require tuning. Our experiments demonstrate
the effectiveness of this approach in enabling agents to learn safe policies in high-dimensional
continuous control environments. Code: https://github.com/mark-nemecek/rosarl

Contribution(s)
1. We propose a parameter-free, model-agnostic algorithm for maximally safe RL that dynami-

cally calculates safety penalties using the agent’s own value-function bounds.
Context: Traditional safe reinforcement learning often relies on complex Lagrangian
multipliers, PID controllers, or manual reward shaping, all of which require extensive hyper-
parameter tuning and environment-specific knowledge (Amodei et al., 2016). Our approach,
which sets the safety penalty as the difference between the estimated minimum and maximum
state-values (Runsafe = VMIN − VMAX), eliminates these overheads. By leveraging the agent’s
internal expectations to scale the penalty, we provide a just-sufficient signal that enforces
safety without the need for manual engineering or additional hyperparameters.

2. We demonstrate that the value-range penalty provides superior robustness to environmental
stochasticity compared to state-of-the-art constrained RL baselines.
Context: Transition noise and environmental stochasticity frequently cause standard safe RL
methods, such as TRPO-Lagrangian (Ray et al., 2019) or Sauté-TRPO (Sootla et al., 2022),
to violate constraints as they struggle to balance reward maximization with unpredictable
dynamics. We show that because our penalty is coupled with the current value range, it
naturally hardens in response to the risks presented by the environment.

3. We empirically establish that simple reward augmentation can match or exceed the perfor-
mance of complex constrained architectures in continual and high-dimensional continuous
control tasks.
Context: Modern safety-critical RL research has trended toward increasingly complex,
multi-component architectures (Ji et al., 2024). We challenge this trend by evaluating our
simple reward-augmentation strategy on the Safety-Gymnasium suite, including PointGoal,
PointPush, and Humanoid Velocity. We find that our unified penalty mechanism successfully
enforces maximal safety across these diverse, high-dimensional benchmarks. This demon-
strates that a simple, adaptive penalty is sufficient to regulate complex behaviors (such as
humanoid locomotion) often outperforming more specialized safe RL algorithms.

https://github.com/mark-nemecek/rosarl
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Abstract

An important problem in reinforcement learning is designing agents that learn to solve
tasks safely in an environment. A common solution is to define either a penalty in the
reward function or a cost to be minimised when reaching unsafe states. However, de-
signing reward or cost functions to incentivise safe behaviours with maximal probability
is non-trivial and can increase with the complexity of the problem. To address this,
we propose a simple algorithm for agents to automatically learn the penalty for unsafe
transitions while learning to solve the given task. Precisely, the agent keeps track of
its lowest and highest estimated state-values, then simply uses their difference as the
penalty for unsafe transitions. Importantly, our approach can be used with any base RL
algorithm since it only modifies the rewards perceived by an agent, and introduces no
new hyperparameters that would require tuning. Our experiments demonstrate the effec-
tiveness of this approach in enabling agents to learn safe policies in high-dimensional
continuous control environments. Code: https://github.com/mark-nemecek/rosarl

1 Introduction

Reinforcement learning (RL) has recently achieved success across a variety of domains, such as video
games (Shao et al., 2019), robotics (Kalashnikov et al., 2018; Kahn et al., 2018) and autonomous
driving (Kiran et al., 2021). However, if we hope to deploy RL in the real world, agents must be
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Figure 1: Sample trajectories of representative prior works—TRPO (Schulman et al., 2015) (left-most),
TRPO-Lagrangian (Ray et al., 2019) (middle-left), and CPO (Achiam et al., 2017) (middle-right)—
compared to ours (right-most) in Safety Gym (Ray et al., 2019). The TRPO-ValueRange trajectory
illustrates our safety-first objective: reducing the probability of safety violations by taking the longer
path when sensor observations are limited, rather than just satisfying an expected-cost budget.
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capable of completing tasks while avoiding unsafe or costly behaviour. For example, a navigating
robot must avoid colliding with objects and actors around it, while simultaneously learning to solve
the required task. Figure 1 shows an example.

Many approaches in RL deal with this problem by allocating arbitrary penalties to unsafe states
when hand-crafting the reward function. However, the problem of specifying a reward function for
desirable, safe behaviour is notoriously dif�cult (Amodei et al., 2016). Importantly, penalties that are
too small may result in unsafe behaviour, while penalties that are too large may result in increased
learning times. Furthermore, these rewards must be speci�ed by an expert for each new task an agent
faces. If our aim is to design truly autonomous, general agents, it is then simply impractical to require
that a human designer specify penalties to guarantee optimal but safe behaviours for every task.

When safety is an explicit goal, a common approach is to constrain policy learning according to some
threshold on cumulative cost (Schulman et al., 2015; Ray et al., 2019; Achiam et al., 2017). While
effective, these approaches require either sparse costs or the design of a dense cost function whose
speci�cation can be as challenging as designing a reward function. This is especially dif�cult in our
setting of interest where feasible policies must achieve the lowest possible number of violations. Addi-
tionally, these methods may still result in unacceptably frequent constraint violations in practice (even
with sparse costs), due to the large cost threshold typically used (for example, 25 in Ray et al. (2019)).

Rather than attempting to both maximise a reward function and minimise a cost function, which
requires specifying both rewards and costs and a new learning objective, we should simply aim to
have a better reward function—since we then do not have to specify yet another scalar signal nor
change the learning objective. This approach is consistent with the reward hypothesis (Sutton &
Barto, 2018) which states: “ All of what we mean by goals and purposes can be well thought of as
maximisation of the expected value of the cumulative sum of a received scalar signal (reward). ”
Therefore, the question we examine in this work is how to determine a suf�cient penalty for unsafe
transitions such that an optimal agent prioritises maximal safety: minimising the probability of
safety violations, and achieving almost-sure safety whenever probability1 is attainable. Rather than
requiring an expert's input like prior works, we show that this penalty can be learned autonomously
by an agent using its current value estimates.

2 Background

Safe RL is often modelled by a constrained Markov Decision Process (CMDP) (Altman, 1999).
A CMDP is a tuplehS; A; P; R; C; d; 
i , where S is a set of states,A is a set of actions,
P : S � A � S ! [0 1] is the transition probability function,R : S � A ! [R MIN RMAX ] is the
reward function,C : S � A ! R is the cost function,d 2 R is the cost threshold, and
 2 (0 1)
is the discount factor. The agent is then associated with a policy� : S ! A which it uses to
take actions in the environment. This policy can then be characterised by its cost value function
V �

C (s) = E � [
P 1

t=0 
 t C(st ; at )], and the policy is safe ifV �
C (s) � d � 0 for all s 2 S. Where�

is the set of all safe policies, the goal of an agent is then to learn an optimal safe policy� � that
maximises the value function V�

�
(s) = max �2� V � (s) for all s 2 S (Ray et al., 2019).

Maximally Safe RL (our problem setting): In contrast to most prior works which formulate safety
as a constraint on expected cumulative cost, we consider safety-critical settings where the primary
objective is to maximise the probability of satisfying the safety condition. We call a policy maximally
safe if it achieves the greatest safety probability attainable in the environment. When this probability
is 1, maximal safety is exactly almost-sure safety (Sootla et al., 2022). When unavoidable stochasticity
makes probability1 impossible, the objective remains well-de�ned—the agent should be as safe as
the environment permits. Hence, following the formulation of Sootla et al. (2022), we consider a
safety-augmented MDPcM as a tuplehbS; A; bP ; bR; 
i where bS = S � Z andZ is a set of safety
indicators,bP : bS � A � bS ! [0 1] de�nes the transitions from the current states 2 S and safety

indicatorz 2 Z after each actiona 2 A , and bR((s; z); a) =

(
R(s; a) if z � 0;
Runsafe otherwise;

is the reshaped
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reward function whereRunsafe2 [�1; 0) penalises unsafe transitions. In essence, the higherz is, the
more unsafe the current transition is (for example,z can be proportional to the episodic cumulative
cost). This formulation enables us to use standard RL to solve CMDPs, assuming an appropriate
choice forZ andRunsafe. For example, by using Sauté MDPs (Sootla et al., 2022) withRunsafe= �1 .
However, the question of what �nite penaltyRunsafeto use in practice to obtain safe optimal policies
remains open. To investigate this question, we retrict our attention to safety critical settings where the
environment terminates immediately when the safe condition is violated (z > 0).

3 Learning safe policies

The primary challenge in maximally safe RL is determining a �nite penaltyRunsafethat is suf�ciently
large to discourage unsafe transitions without being so excessive that it destabilises the learning
process or leads to exploding gradients. We propose a dynamic approach that leverages the agent's
own evolving perception of the environment's value range.

3.1 The Value-Range Penalty

Figure 2: LAVA GRIDWORLD

Consider the LAVA GRIDWORLD (Russell & Norvig, 2016) as a
running example in Figure 2: the agent must reach goalG while
avoiding lavaL , which causes an immediate safety violation and
termination (more details in Appendix 7). Stochasticity here is con-
trolled by a uniform slip probability (sp). In the deterministic setting
(sp = 0), the optimal safe path can closely border the lava. However
as the slip probability increases, a longer route can have substan-
tially lower failure probability. Thus, a maximally safe agent should
increasingly prefer the longer route as stochasticity increases.

This example also illustrates why using onlyRunsafe= �V MAX is in-
suf�cient. For example, when�V MAX = �R MAX = �1 , the agent can prefer the shorter, unsafe route
when sp = 0:5. For reward structures such as RMAX = 0 or a step reward of �1, such a penalty can
even lead to the lava across allsp. In general, the agent could face a worst-case scenario where from
a given state, an unsafe behaviour might appear to offer the highest possible cumulative return, while
the safest path offers the lowest possible cumulative return. A penalty must therefore account not only
for the best attainable values but also for the full range of outcomes that the agent currently perceives.

We address this by de�ning the penalty based on the range of the value function. LetV (s) be the
estimated value of states. We maintain running estimates of the minimum and maximum values
encountered during training,VMIN andVMAX , and de�neRunsafe = VMIN � V MAX . This choice of
Runsafe is grounded in the intuition of regret minimization. By setting the penalty to the negative
of the value gap, we ensure that the cost of failing is always greater than the potential gain of any
sequence of rewards within the environment's normal operating range. BecauseVMIN andVMAX are
updated online, the penaltyRunsafestarts small (when the agent is uncertain) and grows in magnitude
as the agent discovers higher-reward regions, maintaining a consistent pressure to prioritize safety.

3.2 Algorithm and Implementation

The proposed method, detailed in Algorithm 1, integrates seamlessly with any model-free RL
algorithm. It requires no prior knowledge of the environment's reward bounds and introduces no
additional hyperparameters. The agent tracks the reward boundsRMIN ; RMAX and the value bounds
VMIN ; VMAX at each timestep. Crucially,VMIN andVMAX are updated using both the observed rewards
and the current value functionV (st ), ensuring that the penalty re�ects the agent's current long-term
expectations. When a safety violation occurs (zt > 0 ), the environment's rewardr t is replaced
by the currentRunsafebefore the RL update occurs. SinceVMAX is estimated optimistically through
max(VMAX ; r t ; V (st )) , the resulting penaltyRunsafeis naturally conservative enough to enforce safety.
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Algorithm 1: Safe RL with a learned unsafe penalty

Input :RL algorithm A, max timesteps T
Initialise : R MIN = 0; R MAX = 0; VMIN = R MIN ; VMAX = R MAX , � and V as per A

for t in T do
observe a state st , take an action at using � as per A
observe the next state st+1 , reward rt , and the safety indicator zt

RMIN ; RMAX  min(R MIN ; r t ), max(RMAX ; r t )
VMIN ; VMAX  min(V MIN ; RMIN ; V (st )), max(VMAX ; RMAX ; V (st ))
Runsafe V MIN � V MAX

r t  R unsafe if z t > 0 else rt
update � and V with (st ; at ; st+1 ; r t ) as per A

end for

4 Experiments

To validate our approach, We �rst use the LAVA GRIDWORLD example to isolate the behaviour of
the learned penalty under controlled stochasticity, before comparing with representative baselines in
challenging continuous-control domains requiring function approximation.

4.1 Q-Learning Instantiation

We instantiate Algorithm 1 with Q-learning (Watkins, 1989) in the LAVA GRIDWORLD domain
of Figure 2. We use� -greedy exploration with� = 0:1 , learning rate� = 0:1 , and initialise all
action-values to0. The ValueRange penalty is updated online and replaces the reward whenever
the lava state is reached.

We vary environmental stochasticity through the slip probabilitysp. At sp = 0, the agent can safely
take the shortest path bordering the lava; assp increases, maximising safety probability requires
increasingly conservative routes. Figures 3a–c compare our adaptive penalty with a deliberately
large �xed penalty,Runsafe= �10000 . Both can learn to reduce failures, but the excessively large
�xed penalty struggles to maximise reward under stochasticity. In contrast, ValueRange adapts its
scale online, maintaining low failure rates while better preserving task-return optimisation. Figure 3d
further isolates the effect of penalty magnitude by sweeping a �xedRunsafefrom �1 to �10 6. As
the penalty becomes increasingly negative, the agent progressively struggles to maximise reward
and learning variance increases. Importantly, this degradation is not monotonic in environmental
stochasticity: for suf�ciently large penalties,sp = 0:25 attains worse returns than the more stochastic
sp = 0:5. Thus, simply making the unsafe penalty arbitrarily large does not monotonically improve
learning; an excessive penalty can dominate reward differences between behaviours and make learning
good safe policies increasingly dif�cult. This motivates adapting the penalty to the task's value scale
rather than manually selecting an extremely conservative constant.

4.2 Continuous-control evaluation

We next investigates the empirical performance of our proposed penalty algorithm across a variety of
challenging continuous-control tasks (Figure 4). We aim to address four primary research questions:
(i) The effect of environmental stochasticity on safety. (ii) Performance under episodic goal constraints.
(iii) Survival and success in continual goal settings. (iv) The ability to regulate high-dimensional
control without explicit spatial goals. Each method is trained over 10 independent random seeds. For
post-training evaluation, each of the 10 trained models is evaluated over 100 random episodes, giving
1000 evaluation rollouts per method and task. Tables report the mean � one standard deviation.

Baselines. We consider representative OmniSafe baselines (Ji et al., 2024) in various Safety-
gymnasium domains (Ji et al., 2023), including the PILLAR domain. As a baseline representative of
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(a) Learned penalty (b) Failure rate (#) (c) Average returns (") (d) Fixed penalty

Figure 3: LAVA GRIDWORLD results. (a–c) Effect of increasing slip probabilitysp on the learned
ValueRange penalty, failure rate, and return, compared with a �xed large penalty�RMIN = �10000 .
ValueRange adapts its penalty to environmental stochasticity while maintaining low failure rates
and better preserving task performance. (d) Sweeping a �xed penalty from�1 to �10 6 shows that
increasingly large penalties make reward maximisation harder and increase learning variance. Notably,
at large penalty magnitudes,sp = 0:25 can achieve worse returns than the more stochasticsp = 0:5.
These results illustrate that “larger” is not necessarily “better” for an unsafe-transition penalty and
motivate automatically adapting its scale. Results are averaged over 20 random seeds and shaded
regions denote one standard deviation.

(a) PILLAR (b) POINTGOAL1 (PG) (c) POINTPUSH1 (PP) (d) HUMANOIDVELOCITY

Figure 4: Safety-Gym(nasium) domains (Ray et al., 2019; Ji et al., 2024). The agent here must: (a)
Navigate (injSj = R 60) to the green cylinder d while avoiding the pillar d. See Appendix 7 for
detailed descriptions. (b-d) These are standard Safety-Gymnasium tasks, only modi�ed to terminate
when an unsafe state is reached: entering a blue region inPOINTGOAL1(jSj = R 60) and exceeding
the velocity threshold in HUMANOIDVELOCITY (jSj = R348).

typical RL approaches, we use Trust Region Policy Optimisation (TRPO) (Schulman et al., 2015). To
represent constraint-based approaches and PID Lagrangian methods, we compare against, TRPO with
Lagrangian constraints (TRPO-Lagrangian) (Ray et al., 2019), Sauté RL with TRPO (Sauté-TRPO)
(Sootla et al., 2022), Constrained Proximal Policy Optimisation with PID (CPPOPID) (Stooke et al.,
2020), and Penalised Proximal Policy Optimisation (P3O) Zhang et al. (2022). All baselines use
the implementations provided by Ji et al. (2024), and form a set of widely used baselines in safety
domains (Zhang et al., 2020; Sootla et al., 2022; Yang et al., 2023; Ji et al., 2024). We use the same
hyperparameters as in Ji et al. (2024), such as feed-forward MLPs for all approaches with value
networks of size (256,256) andtanh activation functions, except for a cost threshold of0 (which
gave the best baseline results compared to 1 and the default of 25). Ours is TRPO-ValueRange.

Robustness to Environmental Stochasticity To evaluate robustness to stochasticity, we vary the
transition noise in PILLAR (Table 1). In the deterministic setting, most methods perform competitively
and achieve zero mean cost. As stochasticity increases, TRPO-ValueRange consistently achieves
the lowest mean cost and highest mean success rate, while several expectation-constrained and
unconstrained baselines exhibit increasing violations. These results support the intended behaviour of
the adaptive penalty: as perfect safety becomes harder or impossible, the learned policy increasingly
favours behaviours with greater achievable safety probability.


