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ABSTRACT
Recent works in reinforcement learning (RL) safety aim to synthe-

size guarantees via stochastic policy verification — constructing

probabilistic barrier-certificates by sampling policy trajectories

with respect to safety constraints, thereby demarcating known safe

behaviour from unknown behaviour. However, the quality — i.e.

tightness — of the bounds on constraint violation is subject to tran-

sition uncertainty and adverse perturbation, placing the agent in

insufficiently explored states. To address this, we approximate the

distribution of the encountered state-space and construct upper

and lower-bound barrier-certificates using latent characteristics of

states, optimizing for regions of known, safe behaviour with high

confidence. We frame this in our work as a dual optimization, where

the lower-bound barrier-certificate presents a more conservative

estimate of the safe region than the upper-bound barrier-certificate.

Sampling states that lie within the set difference of the two dur-

ing training, i.e. the non-robust region, tightens the bounds and

sharpens the quality of the solution.

KEYWORDS
PAC Guarantees, Reinforcement Learning, Safety

ACM Reference Format:
Mohit Prashant and Arvind Easwaran. 2026. Scenario Generation for Risk-

Aware Reinforcement Learning: Extended Abstract. In Proc. of the 25th
International Conference on Autonomous Agents and Multiagent Systems
(AAMAS 2026), Paphos, Cyprus, May 25 – 29, 2026, IFAAMAS, 3 pages. https:

//doi.org/10.65109/PBUD3638

1 INTRODUCTION AND RELATEDWORK
Ensuring that reinforcement learning (RL) agents satisfy safety con-

straints is critical in high-stakes domains such as aviation, health-

care and robotics. Classical safety-verification methods provide rig-

orous guarantees but rely heavily on model-checking and known

transition dynamics [1–3, 6, 10, 11, 14, 16, 24, 33], which struggle

to scale in complex, model-free environments.

Recent model-free approaches address this limitation by placing

probably approximately correct (PAC) guarantees on constraint

violations [20, 30, 36]. Framing safety as a chance-constrained pro-

gram (CCP) enables empirical evaluation via sampled trajectories,

yielding upper and lower bounds 𝜖1, 𝜖2 ∈ (0, 1) on violation proba-

bility with confidence 𝛿 ∈ (0, 1) [5]. While barrier-certificates are
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traditionally used to certify these safe regions [6, 17, 19, 23, 26],

they frequently require pre-defined unsafe states or domain-specific

knowledge.

Furthermore, the informativeness of PAC guarantees depends en-

tirely on the tightness of the bounds — i.e. |𝜖1−𝜖2 |. In practice, these
bounds remain loose due to biased exploration, transition perturba-

tions and train-deployment distributional shifts [4, 7, 13, 18, 25, 34].

Simultaneously, while curriculum learning (CRL) frameworks and

adversarial scenario generation have proven effective at incremen-

tally improving policy robustness [8, 9, 12, 21, 22, 29, 31], they lack

an integrated, formal safety-verification mechanism.

To bridge this gap, we extend the PAC barrier-certificate (PABC)

framework [30] by integrating it with generative latent spaces to ac-

tively guide exploration. Using upper and lower barrier-certificates

derived from a dual CCP, we define a tentatively unsafe exploration
region as the symmetric difference between their corresponding

safe sets. By training a variational autoencoder (VAE) on the encoun-

tered state distribution, we sequentially produce targeted scenarios

to refine the policy. This second learning phase actively reduces

|𝜖1 − 𝜖2 |.

2 PROBLEM FORMULATION
2.1 Markov Decision Processes and VAEs
We model the environment as a continuous, model-free Markov

Decision Process (MDP) defined by the tuple (𝑆,𝐴,𝑇 , 𝑅,𝛾, 𝐻 ). A
policyΠ𝑡 generates a trajectory 𝜏 = {𝑠0, 𝑠1, . . . } of length𝐻 , starting

from an initial state 𝑠0 ∈ 𝑆𝑖𝑛𝑖𝑡 . Because transition dynamics 𝑇 and

rewards 𝑅 are unknown to the learner, we rely entirely on empirical

trajectory sampling.

To model the state-space generatively, we employ a Variational

Autoencoder (VAE) [15]. For an observation 𝑠 ∈ 𝑆 , we map it to

a latent variable 𝑧 ∈ 𝑍 ⊂ R𝑛
using a Gaussian-approximated

posterior Q𝜃 (𝑧 |𝑠). A state trajectory 𝜏 thus maps to an encoded

latent trajectory 𝜁 ∼ Q𝜃 (𝜁 |𝜏).

2.2 Barrier-Certificates and Safety Assumptions
Instead of assigning safe/unsafe labels to individual states [30, 36],

we evaluate safety over entire trajectories using an empirical indica-

tor function 𝑈 (𝜏) ∈ {−1, 1}, where −1 denotes a safety-constraint
violation. And to certify safety without strict dynamics, we utilize

probably approximate barrier-certificates (PABCs) [30]. A barrier

function 𝐵 : 𝑆 → R classifies a state 𝑠 as safe if 𝐵(𝑠) ≥ 0. We

construct lower and upper-bound PABCs, 𝐵1 (𝑠) and 𝐵2 (𝑠) and their
latent space counterparts 𝐵1𝜙 , 𝐵2𝜙 , tolerating constraint violations

up to bounds 𝜖1 and 𝜖2 respectively, with user-defined confidence

𝛿 ∈ (0, 1).
We make the following standard assumptions [30]:
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(1) Initial states 𝑠0 ∈ 𝑆𝑖𝑛𝑖𝑡 exhibit safe behavior: 𝐵1 (𝑠0) ≥ 0 and

𝐵2 (𝑠0) ≥ 0 with probability 1.

(2) Stricter safety bounds yield tighter safe regions. If 𝜖1 < 𝜖2,

then 𝑆𝐵1 ⊂ 𝑆𝐵2 ⊂ 𝑆 .

2.3 Problem Formalization
Our objective is to compute the safety bounds 𝜖1, 𝜖2 alongside

their corresponding latent barrier-certificates 𝐵1𝜙 , 𝐵2𝜙 to guarantee

safety at time 𝑡 for a policy Π𝑡 over trajectory distribution T𝑡 .

Problem 1. Given confidence 𝛿 ∈ (0, 1) and policy Π𝑡 , find 𝜖1 ∈
(0, 1) and 𝐵1𝜙 such that trajectories 𝜏 ∼ T𝑡 and encoded trajectories
𝜁 ∼ Q𝜃 (𝜁 |𝜏) violating safety constraints with > 𝜖1 probability are
correctly bounded:

P
(
𝐵1𝜙 (𝑧) > 0 | P(𝑈 (𝜏) < 0) > 𝜖1

)
< 𝛿 , ∀𝑧 ∈ 𝜁 (1)

Problem 2. Similarly, find an upper-bound 𝜖2 ∈ (0, 1) and 𝐵2𝜙

such that with confidence 𝛿 :

P
(
𝐵2𝜙 (𝑧) > 0 | P(𝑈 (𝜏) < 0) < 𝜖2

)
< 𝛿 , ∀𝑧 ∈ 𝜁 (2)

3 PROBABLY APPROXIMATE SAFE
BARRIER-CERTIFICATES

To solve Problems 1 and 2, we formulate primal-dual chance-constrained

programs (CCPs) to define latent-space regions where trajectories

remain safe with high confidence. We parameterize convex barrier-

certificates as linear functions, 𝐵𝜙 𝑗 (𝑧) = 𝜙𝑤𝑗 ·𝑧+𝜙𝑏 𝑗 (for 𝑗 ∈ {1, 2}).

3.1 Lower and Upper Bounds via Scenario
Optimization

The lower-bound ( 𝑗 = 1) objective grows a conservative safe re-

gion 𝑍𝐵𝜙1
outward, while the upper-bound dual objective ( 𝑗 = 2)

shrinks a generous estimate 𝑍𝐵𝜙2
inward. Utilizing convex scenario

optimization [5, 30], we relax the computationally expensive CCPs

into deterministic programs evaluated over 𝑁 sampled trajectories:

max

𝜙1
min

𝑧∈𝑍𝐵𝜙1 ,𝑧′∈𝜁
𝐵𝜙1 (𝑧′) s.t. 𝑈 (𝜏𝑖 ) > 0

min

𝜙2
max

𝑧∈𝑍𝐵𝜙2 ,𝑧′∈𝜁
𝐵𝜙2 (𝑧′) s.t. 𝑈 (𝜏𝑖 ) < 0 (3)

∀𝑧 ∈ 𝜁 ∼ Q𝜃 (𝜁 |𝜏𝑖 ), ∀𝑖 ∈ {1, . . . , 𝑁 }

To avoid bias, both barrier-certificates are constructed simul-

taneously using identical scenarios. Because these deterministic

formulations can be overly conservative, we relax the problem

further by permitting up to 𝑘 𝑗 constraint violations.

Relying on the theoretical guarantees for convex scenario opti-

mization established by [5], and the associated corollaries within

[30, 35], we can bound the 𝑁 -fold probability of a violation exceed-

ing 𝜖 𝑗 with confidence 𝛿 ∈ (0, 1). We explicitly restate the relevant

corollary results below:

Corollary 3. [30, 35] For |𝜙 | optimization parameters, 𝑁 scenar-
ios and 𝑘 observed violations, the empirical bound 𝜖 is:

𝜖 ≥ 1

𝑁

(
𝑘 + |𝜙 | − 1 +

√︂
2𝑘 ln

1

𝛿
+ 2( |𝜙 | − 1) ln 1

𝛿

)
(4)

Phase 1 Phase 2
Ant

Algorithm (𝜖1, 𝜖2 ) Av. Reward (𝜖1, 𝜖2 )∗ Av. Reward

Our Work* 0.11, 0.41 0.62 0.09, 0.18 0.94

Vanilla PPO - - 0.20, 0.45 0.81

Epsilon Greedy PPO - - 0.22, 0.48 0.77

Perturbed Exploration - - 0.12, 0.51 0.74

CoDE - - 0.08, 0.29 0.93

Genetic Curriculum - - 0.14, 0.45 0.90

Curriculum Adv. Training - - 0.09, 0.24 0.96

CartPole
Our Work* 0.21, 0.48 0.80 0.10, 0.15 0.96

Vanilla PPO - - 0.21, 0.43 0.91

Epsilon Greedy PPO - - 0.19, 0.52 0.83

Perturbed Exploration - - 0.12, 0.51 0.62

CoDE - - 0.15, 0.29 0.97

Genetic Curriculum - - 0.06, 0.24 0.93

Curriculum Adv. Training - - 0.10, 0.19 0.95

Table 1: Comparing the PAC Guarantees on Policy Safety
Between Algorithms

By substituting the respective recorded violations (𝑘1 for the

lower-bound, 𝑘2 for the upper-bound), Corollary 3 directly yields

the bounds 𝜖1 and 𝜖2.

4 BARRIER-CERTIFICATE AIDED LEARNING
To reduce the width of the safety bound, we exploit the generative

representation of the state-space provided by the VAE alongside

the constructed barrier-certificates. Because the conservative safe

region is strictly contained within the less conservative region

(𝑍𝐵𝜙1 ⊂ 𝑍𝐵𝜙2
), we must actively expose the agent to the tentatively

unsafe states occupying the set difference between them. We pro-

pose a two-phase learning approach where the first phase learns the

initial policy and the second phase refines it using these boundary

states.

5 EXPERIMENTS AND CONCLUSIONS
We evaluate our two-phase methodology on the Ant and Cart-
Pole environments [32]. Phase 1 trains a Proximal Policy Opti-

mization (PPO) policy [27, 28] alongside a VAE [15] to reconstruct

pixel observations. After establishing safety error bounds (𝜖1, 𝜖2)

via barrier-certificates, Phase 2 refines the policy using our targeted,

tentatively unsafe boundary states. We compare this refinement

against baselines including vanilla PPO, 𝜖-greedy exploration, tran-

sition noise, CoDE [12], Genetic Curriculum Learning [31] and

Curriculum Adversarial Training [29]. Our method yields consis-

tently tighter safety bounds across both environments. While Cur-

riculum Adversarial Training [29] matches our bound tightness

on the simpler CartPole task, our generative approach scales sig-

nificantly better to the complex, higher-dimensional dynamics of

Ant. Crucially, our model maintains comparable normalized reward

performance to top baselines [12, 29], demonstrating enhanced rig-

orous policy robustness and safety verification without sacrificing

overall learning efficiency.
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