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Abstract— Ensuring safety in Reinforcement Learning (RL),
typically framed as a Constrained Markov Decision Process
(CMDP), is crucial for real-world exploration applications.
Current approaches in handling CMDP struggle to balance
optimality and feasibility, as direct optimization methods can-
not ensure state-wise in-training safety, and projection-based
methods correct actions inefficiently through lengthy iterations.
To address these challenges, we propose Adaptive Chance-
constrained Safeguards (ACS), an adaptive, model-free safe
RL algorithm using the safety recovery rate as a surrogate
chance constraint to iteratively ensure safety during exploration
and after achieving convergence. Theoretical analysis indicates
that the relaxed probabilistic constraint sufficiently guarantees
forward invariance to the safe set. And extensive experiments
conducted on both simulated and real-world safety-critical tasks
demonstrate its effectiveness in enforcing safety (nearly zero-
violation) while preserving optimality (+23.8 %), robustness, and
fast response in stochastic real-world settings.

I. INTRODUCTION

Reinforcement learning (RL) has demonstrated remarkable
success in handling nonlinear stochastic control problems
with large uncertainties [5], [21]. Although solving un-
constrained optimization problems in simulations incurs no
safety concerns, ensuring safety during training is crucial
in real-world applications [18]. However, the inclusion of
safety constraints in RL is non-trivial. First, safety and goal
objectives are often competitive [4]. Second, the constrained
state-space is usually non-convex [42]. And third, ensuring
safety via iterative action corrections is time-consuming and
impractical for safety-critical tasks requiring fast responses.

Numerous studies strive to address these challenges, en-
hancing safety assurances in RL. Early works utilized trust-
region [1] and fixed penalty methods [7] to enforce cu-
mulative constraints satisfaction in expectation [24], [36].
However, these methods are sensitive to hyperparameters
and often result in policies being either too aggressive
or too conservative [26]. Furthermore, these methods only
ensure safe behaviors asymptotically upon the completion of
training, resulting in a gap in safety assurance during the
training exploration process [6].

Recognizing the limitations of above methods in achieving
immediate safety during the training phase, many works
seek to employ hierarchical agents to project task-oriented
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action into a prior [38], or learned safe region [43] to satisfy
state-wise constraints. However, these methods usually make
additional assumptions like white-box system dynamics [9]
or default safe controller [22], which is not always available
and strict feasibility is not guaranteed [42]. Besides, applying
step-wise projection to satisfy instantaneous hard constraints
is often time-consuming, which hampers the optimality of
the task objectives [46].

Alternatively, integrating safety into RL via chance or
probabilistic constraints, which involves unfolding predic-
tions to estimate safety probability for future states, presents
a compelling advantage. Chance constraints have received
significant attention within both safe control [20], [40] and
RL communities [6], [28], [48]. However, while these meth-
ods mark a step forward, they often fall short in efficiently
enforcing such constraints [6], [14] or necessitate the use of
an independent safety probability estimator [17].

Motivated by these challenges, we propose Adaptive
Chance-constrained Safeguards (ACS), an efficient model-
free safe RL algorithm that models safety recovery rate as a
surrogate chance constraint to adaptively guarantee safety in
exploration and after convergence. Unlike existing work [28]
that approximates the safety critic through lengthy Monte
Carlo sampling, or [6] that learns a conservative policy with
relaxed upper-bounds in conservative Q-learning [23], ACS
directly constrains the safety advantage critics, which can be
interpreted as safety recovery rate. We show theoretically
in §IV that this is a sufficient condition to certify in-
training safety convergence in expectation. The introduction
of recovery rate mitigates the objective trade-off commonly
encountered in safe RL [18] by encouraging agents to explore
risky states with more confidence, while enforcing strict
recovery to the desired safety threshold. We also validate
empirically in §V that ACS can find a near-optimal policy
in tasks with stochastic moving obstacles where almost all
other state-of-the-art (SOTA) algorithms fail.

To summarize, the contributions of this paper include: (1)
proposing adaptive chance-constrained safeguards (ACS),
an advantage-based algorithm mitigating exploration-safety
trade-offs with surrogate probabilistic constraints that theo-
retically certifies safety recovery; (2) extensive experiments
on various simulated safety-critical tasks demonstrating that
ACS not only achieves superior safety performance (nearly
zero in-training violation), but also surpasses SOTA methods
in cumulative reward and time efficiency with a significant
increase (23.8% =+ 10%); and (3) two real-world manip-
ulation experiments showing that ACS boosts the success
rate by 30% and reduces safety violations by 65%, while
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requiring fewer iterations compared to existing methods.

II. RELATED WORK
A. Safe RL

Safe RL focuses on algorithms that can learn optimal be-
haviors while ensuring safety constraints are met during both
the training and deployment phases [18], [35]. Existing safe
RL methods can be generally divided into three categories:

1) End-to-end

End-to-end agent augments task objective with safety cost
and solves unconstrained optimization (or its dual problem)
directly thereafter [24], [36]. For example, [12] augments
safety constraint as Lo regularization; [27] adopts an ad-
ditional network to approximate the Lagrange multiplier;
and [19] searches for intrinsic cost to achieve zero-violation
performance. However, the resulting policies are only asymp-
totically safe and lack in-training safety assurance, while the
final convergence on safety constraints is not guaranteed [8].

2) Direct policy optimization (DPO)

Instead of augmenting safety cost into the reward function,
DPO methods such as [1] leverage trust-regions to update
task policy inside the feasible region. More specifically, [42]
refines the sampling distribution by solving a constrained
cross-entropy problem. And [44] confines the safe region
via a convex approximation to the surrogate constraints with
first-order Taylor expansion. However, these methods are
usually inefficient and are prone to being overly conservative.

3) Projection-based methods

To ensure strict certification in safety, recent work lever-
ages a hierarchical safeguard/shield [2] to project unsafe
actions into the safe set. Projection can be conducted by var-
ious approaches, including iterative-sampling [6], gradient-
descent [43], quadratic-programming (QP) [10], and control-
barrier-function [9]. More specifically, [6] proposes an upper-
bounded safety critic via CQL [23] and iteratively collects
samples until a conservative action that satisfies the safety
constraint is found. However, iterative sampling is not time-
efficient for safety-critical tasks that require immediate re-
sponses. Similarly, [16], [33] conduct black-box reachability
analysis to iteratively search for entrance to the feasible
set. On the other hand, safety layer method [11] param-
eterizes the system dynamics and solves the QP problem
with the learned dynamics. However, we show in §V that
these methods fail in tasks with complex cost functions.
Some other methods seek to achieve zero-violation with
a hand-crafted energy function, such as ISSA [47], RL-
CBF [41], and ShieldNN [15]. However, these methods
require prior knowledge of the task, which is intractable for
general model-free RL case. Compared with existing SOTA
methods, our proposed method ACS, effectively addresses
and surpasses them by tackling two major challenges in this
field: (1) balancing the trade-off between task optimality and
safety feasibility; and (2) efficiently conducting projection.
B. Chance-Constrained Safe Control

A tentative approach for better trading-off between ob-
jectives is through unrolling future predictions, and deriving
a surrogate chance-constraint to prevent future safety viola-
tions [40]. However, the inclusion of chance-constraints in

control optimization is non-trivial. [17] proposes to linearize
the chance-constraint into a myopic controller to guarantee
long-term safety. However, their method requires a refined
system model and an extra differentiable safe probability
estimator. In model-free RL, state-wise safety probability
depends on the policy and can thus be approximated with
a critic [34]. Early works [28], [42] approximate this critic
through Monte Carlo sampling, which are lengthy and slow.

To further address the issue, [6] approximates the critic
via CQL [23] and learns a conservative policy via iterative
sampling. Similarly, [14] proposes to learn an ensemble of
critics and train both a forward task-oriented policy and a re-
set goal-conditioned policy that kicks in when the agent is in
an unsafe state. Given that resetting is not always necessary
and efficient, [37] proposes to learn a dedicated policy that
recovers unsafe states. However, these approaches require
an additional recovery policy and are prone to being overly
conservative. In this paper, we show that using only one
advantage-based safeguarded policy can achieve comparable
recovery capability, while maintaining high efficiency.

ITI. PRELIMINARIES AND PROBLEM FORMULATION
A. Markov Decision Process with Safety Constraint

Letx, € X C R", up, € U C R™ be the discrete sample
of system state and control input of continuous time ¢ (i.e.,
t = kAt), where n, and n, are the dimension of the state
space X and control space U/, the partially observable system
with stochastic disturbances can be essentially represented by
a probability distribution, that is:

Tpt1 = F(xg, uk, €) + wi = Tpp1 ~ P(@pt1|ag, ur) (1)

where F denotes the system dynamics under parametric
uncertainty, and €, wy denote the parametric uncertainties
and the additive disturbance of the system respectively. RL
policy seeks to maximize rewards in an infinite-horizon
Constrained Markov Decision Process (CMDP) [3], which
can be specified by a tuple (X,U,~,R,P), where R :
X xU — R is the reward function, 0 < ~ < 1 is the
discount factor and P : X XU x X — [0, 1] is the system state
transition probability function defined in Eq. (1). Therefore,
the safe RL problem can be formulated as

arg max J(m) = Exop ymr, lz ¥ R(zy, Uk)‘| (2a)
0 k=0

s.t. m € Il (2b)

He = {r €I | Yuy, ~ mp, 7 € Sc}  (2¢)

where II denotes the set of all stationary policies, IIo C
II represents the set of feasible policies that satisfy all
safety constraints C = {Cy,C4,...,C,}. Accordingly,
Jc, denotes the cost measure with respect to one specific
safety constraint C; € C, and is evaluated as Jo, =
ErorY peo V¥ Ci(2k, uk, Tht1)], where 7 is a trajectory
(i.e., 7 = {xo,up,z1,u --- }) resulted from the policy .
Finally, S¢ represents the set of safe states, where each
state satisfies the i safety constraints C; € C' through not

exceeding its corresponding permitted threshold d;.
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Fig. 1. The proposed adaptive chance constraint. The green-dashed and
red circle denotes the current safety cost and unified cost tolerance level
respectively. The blue oval denotes the adaptive chance-constrained feasible
set. Green/red arrows denote feasible/infeasible actions. When current cost
V& (xy) is within tolerance, the agent is encouraged to explore more risky
states. Otherwise, the next action is constrained in a more conservative set
which satisfies Eq. (6a), so that long-term safety recovery is certified.

B. Chance-constrained Safety Probability

However, enforcing all the states in a trajectory to stay
within S¢ as defined in Eq. (2d) is impractical in real-world
settings. Because, first, the environment is stochastic with
large uncertainties, which is impossible to satisfy Eq. (2b)
all the time. Second, the penalty feedback induced by the
final disastrous behavior is often sparse and delayed. Thus
solely abiding by these constraints will result in myopic,
unrecoverable policies [40]. Therefore, we propose to instead
consider a chance constraint [17] by unrolling future predic-
tions and ensuring xj € S¢ during an outlook time window
T(k)={k,k+1,...} with probability 1 — «. Precisely, we
define the safety probability U of a single state z as

Y(zy) =P (ﬁjET(k) Tj € Sc) >1—«a 3)

where « represents the tolerance level of the unsafe event.

To evaluate the constraint in Eq. (3), we draw from the
Bellman equation [35] and approximate the expected long-
term chance-constrained safety probability U with a value
network V7 (z) that is learned through trials and errors.
The associated theorem (Theorem VI.1) and its proof are
detailed in Appendix VI-A.

While other works may evaluate the state-action value
Q% (xk,ur) [6], [43], in this paper, we follow [39] and
approximate the advantage A7 (xy,uy) of control uj with
a critic network, since it could better adjust with the change
of safety probability, as will be shown later in §IV-A.

IV. ADAPTIVE CHANCE-CONSTRAINED SAFEGUARDS

In this section, we illustrate the proposed advantage-based
chance-constraint safeguard (ACS), which derives a relaxed
constraint on RL exploration to achieve better task-oriented
performance while theoretically guaranteeing recovery to the
safe region. The schematic of ACS is shown in Fig. 1.
A. Learning to Recover

As mentioned earlier in §III-B, strictly guaranteeing
Eq. (2d) is neither practical nor necessary for real-world set-
tings. To help mitigate the difficulty in specifying a rational
safety boundary that balances between task and safety ob-
jectives, we relax the safety chance constraint following [40]
and propose a plug-and-play sufficient condition of the safe
recovery in ACS for generic RL controllers. First, we define
a discrete-time generator GG for any x;, € X C R"», which

can be considered as a stochastic process [13] taking form:
GU(zk) = E[Y(wpt1) | o, mo(zn)] — W(ze) (4

where 7y (xy) is also conditioned on state xzj. Essentially,
Eq. (4) captures the expected improvement or degeneration
of safety probability U as the stochastic process proceeds.
However, rather than imposing constraints directly on W(xy,)
like in [6], [43], we propose to apply the chance constraint
on the generator output (recovery rate of W(xy)), that is:

GV(zg) > —F (Y(z1) — (1 — @) 5)

where F(p) can be any concave function that is upper-
bounded by p. Consequently, Eq. (5) defines a lower bound
for its recovery rate, such that when ¥(xy) < (1—a) (i.e. the
safety assurance is compromised), the controller is enforced
to recover to safety at rate GU (). Otherwise, the controller
is free to explore to achieve better task-oriented performance,
which balances the trade-off between safety and optimality.

More specifically, the following chance constraint is pro-
posed in ACS framework to certify in-training safety, which
is specified in Theorem IV.1. The detailed proof of the
theorem is illustrated in Appendix VI-B.

Theorem IV.1. Let AfY (v, uy) denote the advantage func-
tion of control uy at xy, the sufficient condition that can
ensure asymptotic safety satisfaction both in training and
after convergence is

AZ’; (zg, u) < Fila; — ngf (zx)) (6a)
s.t. H(Fi(q)) 0 and Fi(q) <q (6b)

where H(F;(q)) is the Hessian of F;(q), and C;, o; denotes
the cost function and the tolerance level of the i safety
constraint, respectively.

To evaluate the constraint Eq. (6a) in implementation,
we construct a fully-connected multi-layer network for both
the value and advantage function separately based on [29]'.
These two networks are updated iteratively together with the
task policy in RL exploration through trials-and-errors.

B. Hierarchical Safeguarded Controller

In practice, the actual implementation of ACS is illustrated
in Fig. 2. To strictly enforce the safety chance constraint, we
evaluate the proposed control action at every time step and
project it into the safe action set [46]. Similar to [12], [43],
we adopt a hierarchical architecture in which the upper policy
first solves for a sub-optimal action and iteratively corrects
it to satisfy the chance constraint in Eq. (6a). Specifically,
we employ the limited-memory Broyden-Fletcher-Goldfarb-
Shanno (L-BFGS) method [25] to enforce the feasibility of
actions provided by the safety-aware policy approximator
while preserving time efficiency. Note that L-BFGS is the-
oretically promised to converge much faster to the safety
region starting from a sub-optimal solution embedded in a
locally-convex space [25], as compared to other gradient-
descent methods [43]. Hence the implementation framework
of ACS is consisted of the following two sub-modules.

'https://github.com/DLR-RM/stable-baselines3
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The hierarchical framework of the proposed ACS. A Lagrangian-based upper policy layer first generates a near-optimal initial action ug by

solving Eq. (7), then the quasi-newton-based projection layers iteratively correct it into the safe set that satisfies Eq. (6a) via efficient back-propagation
Eq. (8), enabling ACS to balance task objective and certified safety by constraining actions in an adaptive feasible set while ensuring immediate response.

Sub-optimal policy layer. For the upper policy layer, we
follow [36] and train a policy optimizer to solve task objec-
tive Eq. (2a) with augmented penalty of the chance constraint
Eq. (6a) weighted by a Lagrangian multiplier A:

max min L(mo,7) = Errmy [AT0 — MAZ — Fla — V)]

N

Note that the goal here is to find a safety-aware policy
that can produce a sub-optimal initial guess uy with respect
to both task objective and safety constraint. While extensive
existing works solve various forms of Eq. (7) [12], [27], [43],
we focus on the sub-optimality of the initial guess rather than
strictly solving the cumulative-constrained MDP. Thus, any
model-free safety-aware RL algorithm, such as [1], [6], can
serve as the policy solver of our hierarchical framework. We
show empirically in §V that simply optimizing Eq. (7) is
efficient enough to find a near-optimal solution via ACS.
Fast ACS projection. The initial guess produced by the
upper policy layer does not strictly satisfy Eq. (6a), given
that Eq. (7) optimizes cumulative costs and A is hard to
tune. Therefore, to strictly satisfy constraint in Eq. (6a), we
propose to employ L-BFGS [25], an efficient Quasi-Newton
method to iteratively correct ug. L-BFGS is a memory-
efficient method that updates control action by:

WPt =P —nx H g, ®)

where 7 is the learning rate, g, = %[Agg — Fla—=VZ%)]
is the gradient vector, and H ! is the approximation of the
inversed Hessian matrix. BFGS finds a better projection axis
and step-length through approximating an additional second-
order Hessian inverse. We show in §V that ACS can recover
safety in few steps, even when against an adversarial policy.

We claim L-BFGS to be a better projection strategy
in ACS for two reasons: 1) safety-critical tasks usually
require immediate response, and BFGS methods exhibit
faster convergence rate by trading space for time; 2) the
optimal solution is embedded in the locally-convex sub-
optimal region found by Eq. (7) [12], making it possible to
correct the action in one step. In addition, it is insensitive to
1 [25], which differentiates from existing work [43] requiring
tedious hyperparameters (e.g., learning rate) tuning.

V. EXPERIMENT

To thoroughly assess the effectiveness of ACS, we conduct
experiments on both simulated and real-world safety-critical
tasks. During simulations, we test on one speed-planning
problem, Ant-Run, in addition to three manipulation tasks, in-
cluding Kuka-Reach, Kuka-Pick and InMoov-Stretch. In real-
world scenarios, we implement the real-world versions of
Kuka-Pick and InMoov-Stretch, which share the same tasks
and safety specifications as their simulated counterparts, to
further assess ACS’s robustness in real-world settings.
A. Experimental Setup
Simulated tasks. As shown in Fig. 3, four tasks are designed
to evaluate ACS along with other safe RL methods. We have:

o Ant-Run: utilizes a simple quadrupedal robot to assess
both effectiveness and time efficiency by constraining the
robot to run within a certain velocity limit.

o Kuka-Reach: employs a 7-DOF Kuka robot arm to assess
the effectiveness of ACS during human-robot interaction.
As shown in Fig. 3(b), the robot arm is trying to reach for a
table button while avoiding collision with a static cylinder
(yellow in the figure) which represents the human.

o Kuka-Pick: extends Kuka-Reach to include dynamic ob-
stacles where, as shown in Fig. 3(c), the robot arm seeks to
pick a tomato on the tree while avoiding collisions with a
moving cylinder (yellow) which represents moving human
and other tomatoes (static obstables) on the tree.

e InMoov-Stretch: evaluates high-dimensional control gen-
eralizability and robustness. It utilizes an InMoov humanoid
which has 53 actively controllable joints [45]. As shown
in Fig. 3(d), the robot is trying to reach for the fruit on the
tree with a human-like arm stretch.

Real-world tasks. To assess the robustness of ACS on

real-world control tasks, we convert Kuka-Pick and InMoov-

Stretch to their real-world counterparts through point-cloud

reconstruction and key-point matching [45]. The task and

safety specifications remain identical as in the simulations.

Examples from successful ACS episode runs of initial and

end joint states for both tasks are shown in Fig. 4.

Baselines. Six SOTA safe RL approaches, including Safety

Layer [11], Proximal Policy Optimization (PPO) [32], Re-
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(a) Ant-Run: a quadrupedal
robot seeks to run within a
velocity limit.
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Fig. 3.

(b) Kuka-Reach: a 7-DOF
manipulator Kuka navigates
to the button collision-free.

(c) Kuka-Pick: Kuka picks
up a fruit while not bump-
ing into a moving cylinder.

(d) InMoov-Stretch: a hu-
manoid InMoov reaches a
fruit with a natural posture.

For review only.

(e) An ill-formed morphol-
ogy to reach the fruit while
violating safety constraint.

(a)-(d): Four simulated safe-critical tasks where we assess five safe RL algorithms; (e): An illustration of safety constraint violation.

(a) Initial and end Kuka arm positions reaching the target while
avoiding the cylinder obstacle in-between.

(b) Initial and end InMoov arm postures searching for a natural arm

stretch trajectory to reach the target.

Fig. 4. The initial and end pose of the robots in real-world Kuka-Pick and InMoov-Stretch.
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(b) Kuka-Reach

covery RL [37], Conservative Safe Critics (CSC) [6] Un-
rolling Safety Layer (USL) [43], and PPO-Lagrangian [30],
are included in our experiments. Official implementations
and recommended parameters are used for each method.

Metrics. We first consider common metrics [30] such as
episodic return J,., total cost rate Jo, success rate, average
number of collisions and average number of iterations for

0an oM
TotalEnvinteracts

(¢) Kuka-Pick

oM

00m oim

o o03m oam o5m
TotalEnvinteracts

(d) InMoov-Stretch

In-training curves of episodic return J- (top row), total cost rate Jo (middle row), and temporal safety cost rate Jrc (bottom row) w.r.t. the
number of interactions of different algorithms on four safety-critical simulation tasks.

iterative methods such as USL, CSC, and ACS. Besides, we
argue that episodic inference time is also a critical dimension
to consider coupled with safety performance. Therefore, we
propose a novel metric, temporal cost rate, which measures
the safety performance along with forward inference time.

Specifically, we have Jr¢ =

accumulated cost
length of the episode

* fforwal.rd 5 where

lower values indicate better and faster safety performance.
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TABLE I
MEAN PERFORMANCE OF 20 EPISODES AT CONVERGENCE ON FOUR SAFETY-CRITICAL SIMULATION TASKS.

Task Safety Layer PPO Recovery RL  CSC USL PPO-Lagrangian ACS (Ours)
Jr T 1933.2412.98 1512.7432.10 1028.1187.05 1024.7111.68 981.7+26.96 990.6181.58 1103.7+50.10
Ant-run Jo 1 10.087+0.01 0.4810.001 0.26+0.00 0.00210.00 0.0940.01  0.1110.04 0.016+0.00
Jro 1]1.3e-3 9e-4 le-3 9.6e-3 9e-3 8e-4 6e-3
Jr T |-256.94116.8 -141.8480.7 -243.11145.10 -388.31114.5 -178.7+142.4 -289.11106.2  -138.4160.89
Kuka-Reach Jol 10.2410.03 0.46+0.06 0.4440.15 0.224.0.05 0.05+0.02 0.08+0.001 0.0032_10.04
Jro 415.5¢-3 le-3 6e-3 5.4e-3 1.4e-2 le-3 le-2
) Jr 1t |-183.54516 -149.7181.2 -159.64454 -229.04247.3 -170.6166.8 -339.7+64.0 -306.1457.9
Kuka-Pick Jo ! 10294003  0.4740.06  0.3440.05 0.4940.12 0.0840.03  0.1340.08 0.007+0.08
Jro 118.9e-3 le-3 9.3e-3 6e-3 1.2e-3 9e-4 9e-3
Jr T |-288.2444.7 -134940.2 -288.34435 28824428 -134.640.23 -283.3430.3 -133.711.1
InMoov-Stretch| Jo | [0.084+0.04  0.04+0.01  0.02+0.000  0.11+0.05 0.0410.01  0.0310.009 0.007 +.0.05
Jro 418e-3 4.4e-3 1.8e-2 3.2e-2 2.8e-2 4.5e-3 2e-2
TABLE II
QUANTITATIVE RESULTS OVER 50 EPISODES ON REAL-WORLD TASKS.
Method PPO CSC USL ACS (ours)
Kuka-Pick InMoov-Stretch | Kuka-Pick InMoov-Stretch | Kuka-Pick InMoov-Stretch | Kuka-Pick InMoov-Stretch
Success Ratet 86 % 64 % 42% 44% 56% 52% 62% 50%
Avg # of Collisions] 3.6 1.0 1.74 0.62 0.88 0.48 0.24 0.28
Avg # of Tterations| 0 0 4.0 4.6 2.6 9.0 1.9 6.8

B. Results

In all experimental results, we set « to 0.2. More investi-
gations on the impact of varying « are elaborated in §VI-C.
Simulation tasks results. The results of in-training perfor-
mance of all methods across four simulation tasks are shown
in Fig. 5. The corresponding numerical result is shown in
Table I. We see that ACS achieves the best task performance
on Ant-Run (+11.2%), Kuka-Reach (+48.9%) and InMoov-
Stretch (+47.9%) while preserving nearly zero safety vio-
lation, indicating that ACS can quickly learn from failures
and find a better trade-off boundary to balance between task
optimality and safety. We also notice from temperal cost rate
Jre in Table I that ACS is a faster projection method thus
could cater better towards time-critical tasks. While other
algorithms may achieve better task objective in Kuka-Pick
(—24.2%), they either fail to guarantee safety nor provide
real-time control response. On the contrary, by implicitly
predicting the trajectory of the obstacle with its advantage
network and bounding it with an adaptive chance constraint,
ACS achieves nearly zero safety violation on this task.
Real-world tasks results. We evaluate the performance of
ACS against USL, CSC and PPO in terms of success rate,
average number of collisions, and number of iterations to
derive each action on both tasks. As shown in Table II, results
demonstrate that ACS effectively adapts to stochastic real-
world tasks and exhibit better success rate (+30%) while
preserving low safety violation (-65%) with fewer iterations
on both tasks. Since PPO achieves the best task objective via
a brute-force path, it severely violates safety constraint. On
the contrary, ACS outperforms all other methods in balancing
the task and safety considerations.
C. Recovery Capability against Adversarial Policy

To further assess efficiency and robustness, we design an
experiment on Kuka-Reach where we train an adversarial
policy to induce the agent towards unsafe regions with higher
cost. During an episode of 1000 steps, the target policy and
adversarial policy take turns and alternate every 100 steps.

As shown in Fig. 6(a), ACS demonstrates its effectiveness
in quickly decreasing the safety cost to 0 whenever the
adversarial policy induces the agent to an unsafe state. In
comparison, USL fails to fully recover before the adversary
comes to play again. More notably, as shown in Fig. 6(b),
ACS quickly recovers even from the worst unsafe states (i.e.,
cost = 1) and remains safe during its vigilance, while the
other algorithms keep degenerating under adversarial attacks.

— usL
— ACS

0] — USL
— ACS

—— Recovery RL
csc

200

0 100 200 300 @0 50 60 700 800 %0 1000
step

(a) Step-wise cost signal (b) Accumulated cost in an episode

Fig. 6.

D. ACS with Different Tolerance Thresholds

Additional experiments demonstrating how different toler-
ances « affect the performance of ACS is further illustrated
in Appendix VI-C. Notably, even when tolerance o = 1,
indicating that ACS depends solely on the sub-optimal policy
layer without any projection, it still outperforms all compet-
ing methods. When tolerance v = 0.2 the controller can find
the best trade-off between task and safety performance.

VI. CONCLUSIONS
In this paper, we propose Adaptive Chance-constraint
Safeguard (ACS), a novel safe RL framework utilizing a
hierarchical architecture to correct unsafe actions yielded
by the upper policy layer via a fast Quasi-Newton method.
Through extensive theoretical analysis and experiments on
both simulated and real-world tasks, we demonstrate ACS’s
superiority in enforcing safety while preserving optimality

and robustness across different scenarios.

Recovery capabilities in terms of cost against an adversarial policy.
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APPENDIX
A. Safety Probability Approximation via Value Function
In this section, we draw from the Bellman equation [35]
and approximate the expected long-term chance-constrained
safety probability ¥ in Eq. (3) with a value network V7 (z)
updated via RL explorations.

Theorem VL1. Let 15, = Y\, crp)yz; € Sc)} be a
Bernoulli random variable that indicates joint safety con-
straint satisfaction, and rc, = 1 — rs, be the one-shot
indicator of the complementary unsafe set, the expected safe
possibility at xy, is U(z) =1 — V5 (zk).

Proof. From [35] we have

VE(@kt1) = Ernry | > Jon (%a)
_ Dunmy 200 2 (Tes 7 YVE (@re41)) ©9b)
Dy 2w 2 L
= Y A"P(m)x1 (9c)
{rire, (r7)=1}
=1—V(zg41) 9d)

Notice that the RHS of Eq. (9¢) is essentially the possibility
of unsafe trajectory P(7;) weighted by ~7. Therefore, the
expected safe possibility at xy is U(zy) =1 - Vi (xg). O

B. In-training Safety Certificate for Dynamic Policy

In this section, we provide the detail proof of Theo-
rem IV.1. For simplicity, here we consider only one safety
constraint (i.e., |C| = 1) and omit the subscript s.

Proof. Since ¥(z},) can be approximated by the value func-
tion of safety cost V4 (x)) (Theorem VI.1) and the advantage
function Age (xk, uk) = E[VC (JC]H_1 |Ik, Uyl (Ik))] _Vge (:Z}k),
we first certify safety convergence for a stationary policy my
based on forward invariance:

E[Ve(zps1)|zr, mo(xr)] — VA2 (2r) < Fla— VI (xr))
<a— Vi (xk)
(102)

= E[Vo(Tkiilor, mo(2r))] < @ (10b)

where Eq. (10a) is derived by convexity. Since no system
dynamics model is available in our settings, it is impossible
to guarantee zero in-training safety without any failures [6].
Therefore, we derive an upper-bound for policy updates using
the trust-region method [31] to ensure our safety certificate,
as previously defined for the stationary policy case, Eq. (10b)
holds under dynamic policy updates as well. The trust-region
method constrains the update of policy parameters by using
the total variation distance Dty = Drvy(mgl|ms,,) to ensure
the new policy my does not deviate significantly from the old
policy mg,,,. Therefore, following the trust-region derivations
in [31] and [1], we start with the following inequality for the
safety value function under the new policy:

u w 1 7r
VG = Vg < T Brag o [A¢™] + BDry, (11)

where [ is a positive coefficient that weighs the total
variation distance Dry in the safety cost inequality. Here,

ﬂ _ 2ymax|Erang, ACQ"ld |

— , 7 denotes a trajectory resulting
from policy 7, and v is the discount factor that controls
the expected convergence rate.

Assuming the safety certificate holds for the old policy
o, Which implies that the expected advantage under any
state-action pair does not exceed a threshold o, we have the
following:

To1d

By e [AEH] < 0 (12)

To maintain the safety constraint for the updated policy,
we derive an upper bound for Dry by rearranging equation
Eqn. (11) and considering the safety constraint in Eqn. (12):

(1—7)(a—

s
EfﬂNPeold , U T Y [ACBOM D

B

With the upper bound for policy updates Dty in equation
Eqn. (13), we can easily derive a bound for the updated safety
cost value function in Eqn. (11). Finally we have essentially
certificated the updated policy to remain within a safe region
defined by the trust-region method and ensure Eqn. (10b) is
grounded for the case of dynamic policy update.

Dry < 13)

O

C. Ablation Study on Tolerance Level o

TABLE III
QUANTITATIVE RESULTS OVER TOLERANCE LEVEL « ON Kuka-Reach.

Kuka-Reach | Jr Jo Jrc (8)

ACS (a=1) -221.9 4+ 87.40  0.05 £ 0.01 0

ACS (o = 0.6) -178.4 + 8520 0.02 £+ 0.01 44e-4

ACS (o = 0.2) -138.4 + 60.89  0.0032 + 0.04 le-2

ACS (o =0.05) | -196.3 £ 70.00 0.0028 + 0.02  3le-3
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