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ABSTRACT
Ensuring safe exploration in reinforcement learning is essential
for real-world deployment. Existing methods, however, often trade
safety for performance by producing overly conservative policies
or diffuse cost estimates that weaken policy gradients. We propose
the Uncertain Safety Critic (USC), which modulates conservatism
using critic uncertainty and refines under-covered regions, reducing
safety violations by ≈ 40% while maintaining competitive or higher
rewards and cutting cost-gradient error by ≈ 83%.
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1 INTRODUCTION
Reinforcement learning (RL) learns sequential decision-making
through exploration [22], and has achieved strong results in do-
mains such as games [4] and robotics [10, 17]. However, in safety-
critical settings (e.g., healthcare and embodied robotics), exploration
can lead an agent into hazardous states where unsafe actions have
unacceptable physical or ethical consequences [6]. Safe RL, there-
fore, must enforce constraints without eliminating the exploratory
behaviour needed to discover high-performing policies [2], and
must do so not only during training but also under deployment,
where decisions directly affect stakeholders [5].

Prior approaches are commonly grouped into external-knowledge
and cost-based methods. External-knowledge approaches constrain
behaviour using formal specifications [9], expert demonstrations [13],
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or interactive oversight [14, 19], but often depend on substantial do-
main expertise or supervision [3]. Cost-based methods instead for-
mulate safety as a constrained optimisation problem in CMDPs [1],
typically via Lagrangian or primal–dual updates [15, 18, 21, 24]. In
practice, these methods rely on safety critics to estimate expected
cumulative cost; however, critic learning is fragile under sparse or
noisy cost signals [20]. Conservative safety critics reduce under-
estimation by biasing costs upward [7], but this often inflates or
flattens the cost landscape, weakening or saturating the gradients
passed to the policy and stalling improvement, especially under
strong dual penalties [8].

2 UNCERTAIN SAFETY CRITIC APPROACH
We study continuous-control CMDPs and train an actor–critic agent
with reward critic 𝑄𝑅 and safety critic 𝑄𝐶 under a standard La-
grangian constraint. USC modifies the safety critic update to avoid
the over-conservatism of conservative safety critics by concentrat-
ing conservatism where the critic is uncertain and risk is high.
Concretely, for each replay sample, we compute an influence-based
epistemic uncertainty score via Gauss–Newton influence [12]. Let
𝜃𝐶 denote the (frozen) safety critic parameters after the latest up-
date, and let 𝛿𝐼 be a damped identity term. The uncertainty scalar
is:

𝑢 (𝑠, 𝑎) = diag
( [
∇𝜃𝐶𝑄𝐶 (𝑠, 𝑎;𝜃 ∗𝐶 )

]
×
( 𝐵∑︁
𝑖=1

∇𝜃𝐶𝑄𝐶 (𝑠𝑖 , 𝑎𝑖 ;𝜃 ∗𝐶 )∇𝜃𝐶𝑄𝐶 (𝑠𝑖 , 𝑎𝑖 ;𝜃 ∗𝐶 )⊤ + 𝛿𝐼

)−1
×
[
∇𝜃𝐶𝑄𝐶 (𝑠, 𝑎;𝜃 ∗𝐶 )

]⊤)
(1)

Intuitively, larger 𝑢 (𝑠, 𝑎) indicates that small perturbations to the
sample would induce a larger change in the critic parameters, i.e.,
higher epistemic uncertainty. We convert this into an uncertainty-
adjusted conservatism weight:

𝑢̃ (𝑠𝑡 , 𝑎𝑡 ) = log(1+𝑢 (𝑠𝑡 , 𝑎𝑡 ))×(1+1{𝑄𝐶 (𝑠𝑡 , 𝑎𝑡 ) >
1
|B|

| B |∑︁
𝑖=1

𝑄𝐶 (𝑠𝑖 , 𝑎𝑖 )})

(2)
The logarithmic transformation of 𝑢 ensures that influence values
are stabilised, preventing extreme magnitudes from dominating
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Table 1: Mean episodic reward and cost for comparative methods across evaluated benchmarks. Light blue and light green
highlighted cells indicate the lowest cost and highest reward for each task, respectively.

Method
Environment DDPG Safety Critic Conservative Safety Critic Uncertain Safety Critic (NR) Uncertain Safety Critic
Safety Gymnasium Reward ↑ Cost ↓ Reward ↑ Cost ↓ Reward ↑ Cost ↓ Reward ↑ Cost ↓ Reward ↑ Cost ↓
CarGoal1 (𝜒 = 1.0) 6.57 ± 0.45 1.05 ± 0.39 6.60 ± 0.45 1.02 ± 0.37 6.56 ± 0.40 1.03 ± 0.39 6.56 ± 0.39 1.06 ± 0.41 6.55 ± 0.39 0.96 ± 0.33
CarGoal2 (𝜒 = 5.0) 8.74 ± 0.72 5.36 ± 1.47 7.54 ± 1.38 5.65 ± 2.00 8.65 ± 0.75 5.28 ± 1.44 8.84 ± 0.64 5.44 ± 1.43 8.84 ± 0.62 5.05 ± 1.27
CarButton1 (𝜒 = 5.0) 6.20 ± 0.74 9.50 ± 3.01 5.12 ± 1.89 5.96 ± 2.68 5.48 ± 1.83 5.57 ± 2.63 6.31 ± 0.55 6.37 ± 2.05 6.38 ± 0.62 6.01 ± 2.13
CarButton2 (𝜒 = 5.0) 7.51 ± 0.67 10.30 ± 3.32 2.48 ± 3.32 4.04 ± 4.46 6.45 ± 2.44 6.49 ± 3.19 7.49 ± 0.79 8.02 ± 2.52 7.69 ± 0.62 6.32 ± 2.23
Gymnasium Robotics Reward ↑ Cost ↓ Reward ↑ Cost ↓ Reward ↑ Cost ↓ Reward ↑ Cost ↓ Reward ↑ Cost ↓
FetchReach (𝜒 = 5.0) −4.36 ± 16.04 8.19 ± 7.70 1.98 ± 4.65 3.18 ± 1.05 −1.53 ± 6.51 3.91 ± 3.07 0.55 ± 4.00 3.34 ± 1.36 3.92 ± 2.51 3.20 ± 1.11
Mujoco Reward ↑ Cost ↓ Reward ↑ Cost ↓ Reward ↑ Cost ↓ Reward ↑ Cost ↓ Reward ↑ Cost ↓
HalfCheetah (𝜒 = 0.1) 5.71 ± 2.48 21.82 ± 23.20 3.19 ± 3.43 0.32 ± 0.63 4.13 ± 1.29 2.71 ± 5.70 6.64 ± 2.26 0.62 ± 0.51 3.76 ± 2.70 0.20 ± 0.40

the loss, while the indicator term accentuates penalties for transi-
tions whose predicted cost exceeds the batch mean. Accordingly,
conservatism is selectively concentrated on regions that are both
uncertain and costly, rather than being spread uniformly across the
state–action space. The safety critic is then updated by minimising

L𝐶 = E(𝑠𝑡 ,𝑎𝑡 ,𝑟𝑡 ,𝑠𝑡+1,𝑐𝑡 )∼B

[
1
2

(
𝑄𝐶 (𝑠𝑡 , 𝑎𝑡 ) −

(
𝑐𝑡 + 𝛾𝑄𝐶 (𝑠𝑡+1, 𝜋 (𝑠𝑡+1))

) )2
+ 1
2 𝑢̃ (𝑠𝑡 , 𝑎𝑡 ) × log

∑︁
𝑎′∼Unif(A)

exp
(
𝑄𝐶 (𝑠𝑡 , 𝑎′) − 𝜇

𝜎 + 𝜖

)
− 𝑄𝐶 (𝑠𝑡 , 𝑎𝑡 ) − 𝜇

𝜎 + 𝜖

]
(3)

where 𝜇 and 𝜎 denote the batch mean and standard deviation of
the safety critic outputs, and 𝜖 is a small constant for numerical
stability.

Finally, USC includes an uncertainty refinement step: after each
critic update, we rank replay samples by the Gauss–Newton in-
fluence score in Equation 1 and select the top-𝑛 most uncertain
state–action pairs. For each selected pair, we form a synthetic cost
target by interpolating from its nearest confidently predicted neigh-
bours in the joint (𝑠, 𝑎) space, then update 𝑄𝐶 toward these targets
using a trust-region-style regulariser that limits deviation from the
previous critic in high-uncertainty regions. This reduces epistemic
uncertainty and sharpens cost estimates in sparsely covered areas
without destabilising training.

3 RESULTS AND DISCUSSION
We evaluate USC1 on standard continuous-control safe RL bench-
marks drawn from Safety Gymnasium [11], Gymnasium Robot-
ics [16], and MuJoCo [23], covering both navigation-style hazard
avoidance and high-dimensional robot control. The suite spans
varying constraint densities and dynamics, including CarGoal1/2
and CarButton1/2 (goal reaching and button pressing under in-
creasing numbers of hazards), FetchReach (7-DoF manipulation
under safety constraints), and HalfCheetah (locomotion with a safe-
velocity constraint), enabling a consistent comparison against prior
safety-critic baselines used in similar settings [7].

Table 1 reports the average episodic reward and cost across all
benchmarks. Overall, USC achieves a more favourable reward–cost
trade-off than the comparative methods. The base agent (DDPG)
1Code available at: https://github.com/team-daniel/USC

Table 2: Predictive cost map errors in CarGoal2 compared
to ground truth, showing gradient alignment, safe–unsafe
contrast, and hazard boundary sharpness.

Method
Metric Safety Critic Conservative Safety Critic Uncertain Safety Critic
Gradient MSE ↓ 0.58 ± 0.29 1.95 ± 1.37 0.10 ± 0.06
Contrast Error ↓ 0.09 ± 0.09 0.04 ± 0.03 0.08 ± 0.05
Entropy Error ↓ 2.50 ± 0.67 3.02 ± 0.27 2.16 ± 0.26

attains high rewards but consistently violates safety constraints,
while standard safety critics reduce violations at the cost of weaker
rewards. Conservative safety critics further lower costs but often
over-penalise actions, leading to degraded performance.

In contrast, USC maintains strong reward while reducing safety
violations across tasks. For example, in CarGoal2, USC lowers the
average episodic cost from 5.65 ± 2.00 with the standard safety
critic to 5.05 ± 1.27, while also achieving a higher reward (8.84 ±
0.62). Similarly, in CarButton1, USC attains the highest reward
among all methods while reducing cost by nearly 40% relative to the
unconstrained DDPG baseline. In more complex environments such
as FetchReach, USC achieves the best reward while maintaining
competitive costs, whereas conservative critics suffer from reduced
performance.

We also evaluate an a USC variant, USC (NR), which removes
the uncertainty refinement step. While USC (NR) attains similar
rewards, it produces higher and less stable costs, indicating that
uncertainty refinement is necessary to stabilise safety in poorly
explored regions. Overall, the results show that USC mitigates the
over-conservatism of prior safety critics while preserving informa-
tive gradients that support effective reward–safety trade-offs.

Table 2 corroborates these findings. USC yields substantially
better gradient alignmentwith the true hazard boundaries (Gradient
MSE 0.10 ± 0.06 vs. SC 0.58 ± 0.29 and CSC 1.95 ± 1.37), while
maintaining strong safe–unsafe separation (Contrast Error 0.08 ±
0.05) without CSC’s uniform cost inflation. It also produces the
sharpest, least diffuse hazard maps (Entropy Error 2.16 ± 0.26),
indicating more informative cost landscapes for policy optimisation.

Our evaluation demonstrates that USC consistently reduces
safety violations while maintaining or exceeding state-of-the-art
performance, particularly in larger and more complex environ-
ments. Future work will investigate extending USC to support par-
tially observable and adversarial environments.
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