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Abstract

Policies represented as neural networks (NNs), in particular
ones learned by reinforcement learning (RL), are drawing in-
creasing attention for planning. Yet they do not offer any for-
mal guarantees, a major issue in particular when safety is a
concern. Safe RL research has come up with an arsenal of
techniques to improve policy safety. Here we introduce a new
approach to this problem, training an initial policy using RL
and subsequently doing limited safety fine-tuning. The lat-
ter is enabled by plugging in a recently introduced search-
based procedure deciding state safety. Our experimental re-
sults show that, compared to standard RL and safe RL ap-
proaches, our method effectively improves worst-case policy
safety while maintaining average-reward performance.

Introduction
Automated planning is concerned with the task of finding a
sequence of actions that achieves a goal. It is a widely used
decision-making framework, which can model a variety of
complex real-world scenarios like production line logistics
(Helmert and Lasinger 2010), robotics (e.g., integrated task
and motion planning (Garrett et al. 2021)), and Mars explo-
ration (Ai-Chang et al. 2004). Here we address planning un-
der initial state uncertainty and non-deterministic effects, a
notoriously challenging problem as plans need to specify a
reaction to every state that may be encountered.

Neural network (NN) policies are drawning increasing at-
tention in planning (e.g. Toyer et al.; Wang and Thiébaux;
Ståhlberg, Bonet, and Geffner (2020; 2024; 2025)). A policy
maps states to actions, leveraging the generalization capabil-
ities of NNs to provide action choices for (in principle) arbi-
trary states. A wealth of reinforcement learning (RL) meth-
ods are available to train such policies (Mnih et al. 2013;
Schulman et al. 2017; Haarnoja et al. 2018).

However, NN policies and RL are of course not silver bul-
lets. Apart from wide-spread practical issues in getting them
to work well, they do not come with any inherent formal
guarantees. This is a major issue in particular when safety
is a concern. Safe RL research has come up with an arse-
nal of techniques to improve policy safety (e.g. (Garcı́a and
Fernández 2015; Ray, Achiam, and Amodei 2019; Thanan-
jeyan et al. 2021)).

Here we introduce a new approach to this problem, lever-
aging recent work on search-based safety analysis (Jain et al.

2025) to provide an oracle for learning. We train an ini-
tial policy using standard RL methods. Subsequently, we
do limited fine-tuning using a well-known framework called
DAgger (Ross, Gordon, and Bagnell 2011). DAgger sam-
ples policy runs, and queries a reference strategy to relabel
the actions taken by the policy. The relabeled actions should
be near-optimal, and have been provided in prior work by
human experts or domain-dependent planning mechanisms.
Here, we instead use search-based safety analysis as the ref-
erence strategy.

Jain et al. (2025)’s search procedure decides whether a
given state s is safe, using a depth-first search inspired by
Tarjan’s algorithm to find strongly connected components.
The search is (of course) worst-case exponential, but being
focused on a single state s it can be more feasible than stan-
dard methods characterizing the entire safe region (Baier
and Katoen 2008). If the search determines a state s to be
safe, it in particular determines a safe action a for s. We use
that action for relabelling in DAgger.

We run experiments on the benchmark set previously used
to evaluate the safety oracle (Jain et al. 2025). We mea-
sure policy safety from a worst-case perspective, through
the fraction of sampled initial states that are worst-case un-
safe, i.e., from which an unsafe policy run exists. We refer
to this criterion as initial-state unsafety. Our results show
that, compared to standard RL and safe RL approaches, our
method effectively improves initial-state safety while main-
taining average-reward performance.

Background
We consider a formalism of automated planning tasks which
is a generalization of classical planning (Ghallab, Nau, and
Traverso 2004) and of numerical planning (Gerevini, Saetti,
and Serina 2008).

We define a planning task Π as a tuple ⟨V,A, CI , Cg, Cf ⟩
where V is a finite set of variables and A a finite set of
actions. CI , Cg , and Cf are constraints over V that specify
the possible initial states, the goal condition, and the fail-
ure condition, respectively. Each variable v ∈ V could take
values from a potentially infinite set called its domain, de-
noted as D(v). A state s is an assignment of values to all
variables in V , i.e., s : V →

⋃
v∈V D(v) is a function such

that s(v) ∈ D(v) for every v ∈ V . We restrict the domain of
each variable to be a subset of the real numbers R.



The core of the framework is the notion of expressions φ
defined inductively over variables as follows:

• A term t with t ∈ V ∪
⋃

v∈V D(v) is an expression.
• If φ is an expression, then ¬φ is an expression, where ¬

is the logical negation operator.
• If φ1 and φ2 are expressions, then φ1 ◦ φ2 is also an

expression, where ◦ ∈ {+,−,×, /,=, <,≤,∧,∨} is a
binary arithmetic or logical operator.

An expression can be evaluated to either a boolean value or
a real number given a state s. We use EJφ|sK to denote the
evaluation of an expression φ under a state s. The evaluation
rule EJ·|sK in a state s is defined inductively as follows:

• EJt|sK 7→ s(t) if t ∈ V . EJt|sK 7→ t if t ∈
⋃

v∈V D(v).
• EJ¬φ|sK 7→ ¬EJφ|sK if φ is an expression and EJφ|sK a

boolean value.
• EJφ1 ◦ φ2|sK 7→ EJφ1|sK ◦ EJφ2|sK if φ1 and φ2 are ex-

pressions and EJφ1|sK and EJφ2|sK are both real numbers
or both boolean values.

An action a ∈ A has a precondition written as precJaK =
ϕ which is an expression evaluated to a boolean value. We
say that the action a is applicable in a state s if EJϕ|sK 7→
true, i.e., the state satisfies the precondition of a. Applying
a in a state s will modify the values of some variables in s by
the effects of a denoted as effJaK and henceforth result in
a new state s′. In this paper, we consider non-deterministic
effects, that is, when applying an action, one of several ef-
fects might happen. An effect is a set of tuples ⟨v, φ⟩ where
v ∈ V and φ is an expression. Each tuple ⟨v, φ⟩ specifies the
value of the variable v in the new state s′ after applying the
action a in a state s, that is, s′(v) = EJφ|sK.

The last three components CI , Cg , and Cf in our formal-
ism are all expressions that evaluate to a boolean value. An
initial state sI is any state such that EJCI |sIK 7→ true.
Similarly, a state sg is a goal state if EJCg|sgK 7→ true, and
a state sf is a failure state if EJCf |sf K 7→ true. A policy π
is a function mapping a state s to an action a, i.e., it decides
which action to take in each state. We want to obtain a policy
π such that for an arbitrary initial state sI , we can reach a
goal state sg while avoiding reaching any failure state sf by
following π.

Connection to MDPs One way to obtain such a policy is
via Reinforcement Learning (RL). In particular, the planning
framework we consider has a natural connection to Markov
Decision Processes (MDPs) on top of which RL algorithms
are deployed. An MDP is a tuple ⟨S,A, T ,R,PI⟩. S is a
(potentially infinite) set of states and A is a (potentially in-
finite) set of actions. T : S × A → D(S) with D(S) being
the set of probability distributions over S is the state transi-
tion function. Concretely, T (s, a) returns a probability dis-
tribution over the next states when taking action a in state s.
R : S × A → R is the reward function which defines the
reward for taking an action a ∈ A in a state s ∈ S. PI is a
probability distribution over S which defines the probability
of a state being the initial state.

Our planning framework can be naturally converted to an
MDP. The set of all assignments over V (i.e., the set of all

functions s : V →
⋃

v∈V D(v)) forms the state space S of
the MDP. The MDP and the planning task share the same set
of actions. The actions’ preconditions and effects induce the
transition function T of the MDP. The initial state distribu-
tion PI is thus a uniform distribution over all states satisfy-
ing CI . A reward (e.g., +1) is given for reaching a goal state
and 0 for all other states.

Safe RL Our planning framework is also concerned with
failure conditions. This additional property can also be cap-
tured by an extended version of MDPs called Constrained
MDPs (CMDPs) (Altman 1999). A CMDP features an addi-
tional componentJ , which is a set of constraints (also called
cost functions) c. The constraint set J defines the feasible
set of policies. Concretely, any feasible policy π must hold
that Jc(π) ≤ dc for every c ∈ J , where Jc(π) is the ex-
pected cost of π under the constraint c and dc is a threshold
for c. Note that the concrete formalization of a cost function
c can vary from different scenarios (and so does Jc). In our
case, we can define a cost function c : S → {0, 1} such that
c(s) = 1 if s is a failure state and c(s) = 0 otherwise. Con-
sequently, the expected cost Jc(π) of a policy π captures the
probability of reaching a failure state by following π.

Solving a CMDP is to maximize the expected return of a
policy Jr(π) subject to the constraint that Jc(π) ≤ dc for all
c ∈ J . One standard way to achieve this is via Lagrangian
multipliers, i.e., solving the following problem:

max
π

min
c∈J
λc≥0

Jr(π)−
∑
c∈J

λc(Jc(π)− dc) (1)

which results in algorithms like PPO-Lag (Ray, Achiam, and
Amodei 2019).

In our context, the cost function and the reward are sparse
and mutually exclusive. Hence, solving the above lagrangian
problem can simply be done by reward shaping (i.e., by in-
corporating the cost into the reward function) (Thananjeyan
et al. 2021). Concretely, consider a state transition (s, a, s′),
we define the shaped reward to be R(s, a) − c(s′). In other
words, we give a penalty of −1 for reaching a failure state.
By doing so, we construct a new MDP without the constraint
set and can apply any RL algorithm to obtain a safe policy.

Improving Worst-Case Safety
Basically all RL and safe RL algorithms optimizing policies
by sampling state-action trajectories. As a result, they strug-
gle to recognize actions that have a small chance of leading
to failure states and may even learn to take such actions dur-
ing training, violating worst-case safety.

State and Action Safety We say a state s is safe if there
exists a policy π such that starting from s and following π, it
is guaranteed that we will not reach a failure state. Similarly,
we say that an action a is safe with respect to a state s if all
successor states obtained by taking a in s are safe (due to
non-deterministic effects, there may be more than one suc-
cessor state). Note that an unsafe action in a state could still
result in a safe successor state but, in the worst case, can
lead to a failure state. Hence, it is a problematic action that
the policy should avoid in that state.



Figure 1: The initial state unsafety and the average reward achieved by refined DAgger (ours), Recover RL, and PPO during
training. The top row is the unsafety rate (the lower the better) and the bottom row shows the average reward. DAgger with the
safety oracle achieves lowest initial state unsafety and has less variance in performance.

Algorithm 1: DAgger with a safety oracle

1: ▷ Let π0 be the initial policy ◁
2: D+ ← ∅; D− ← ∅ ▷ Initialize the buffers
3: for i = 1 to N do
4: ▷ Sample M trajectories by running πi−1 ◁

5: {τi}Mi=1← execute πi−1

6: for all (s, a) in {τi}Mi=1 do
7: is safe, a′ ← ORACLE(s, a) ▷ Run the oracle
8: if is safe then
9: D+ ← D+ ∪ {(s, a)}

10: else if a′ ̸= null then
11: D− ← D− ∪ {(s, a′)}
12: for B batches do
13: ▷ Let b be the batch size ◁
14: B← sample b

2 from D+ and b
2 from D−

15: ▷ Supervised learning on the batch B ◁
16: πi−1 ← argmaxπ

∑
(s,a)∈B log π(a|s)

17: πi ← πi−1

Fine-tuning Policies Given a policy π (which could be ob-
tained via any RL or safe RL method), we now demonstrate
how to improve its worst-case safety by fine-tuning it on-
line with a simple yet effective policy fine-tuning method
called DAgger (Ross, Gordon, and Bagnell 2011). The key
idea of DAgger is straightforward: It iteratively updates the
policy by executing the current policy to collect trajectories,
querying a human expert to relabel the actions in the visited
states, and aggregating the resulting state-action pairs into a
buffer. This buffer then serves as training data for supervised
updates of the policy.

Instead of involving a human expert (which is often costly
or even infeasible), we employ the safety oracle developed
by Jain et al. (2025). The oracle takes as input a state s and
an action a and returns whether a is safe with respect to s.
If a is unsafe, the oracle also returns a safe action a′ if such
an action exists (i.e., if s is a safe state). The refined DAgger
framework with the safety oracle is shown in Alg. 1.

In contrast to the original version of DAgger, we main-

tain two buffers D+ and D−. D+ stores the state-action pairs
where the action (given by the policy) is safe. D− stores the
pairs where the oracle corrects an unsafe action taken by the
policy with a safe one. The purpose of having this additional
buffer D+ is to restrict the update of the policy from deviat-
ing too far away from the original one, i.e., from being dom-
inated by the oracle-generated data. This is similar to what
has been done by Ball et al. (2023). The hyperparameters
in the refined framework include the number of iterations
N , the number of sampled trajectories M in each iteration
and the number and sizes of batches B and b for supervised
learning, respectively.

Empirical Evaluation
We based our empirical evaluation on the benchmarks used
by Jain et al. (2024; 2025). The benchmark suite consists
of Beluga, which is a non-deterministic domain abstracted
from a logistic scenario within Airbus, and different vari-
ants of Transport (One Way Line and Two Way Lines) where
non-determinism is introduced due to icy roads. The experi-
ments illustrate the effectiveness of combining DAgger with
the safety oracle in improving the worst-case safety and, in
many cases, the average cumulative reward of a given policy.

Configurations We measured the worst-case safety of a
policy in terms of initial state unsafety. Concretely, We sam-
pled a set of 5000 initial states from the initial state distri-
bution of each benchmark and keep it fixed across experi-
ments. We evaluate a given policy by leveraging the safety
oracle to check, for each of these initial states s, whether
the policy ever enters an unsafe state when starting from s
(equivalently, whether any run of the policy on s is unsafe).
Initial state unsafety is then measured as the percentage of
the initial states on which the policy was unsafe.

We measure policy performance by the average cumula-
tive reward the policy achieves on the 5000 initial states.

For initial training of policies, we used a standard RL al-
gorithm on each benchmark, with reward +1 for reaching
the goal, −1 for reaching a failure state, and 0 for all other
cases. We tried both PPO (Schulman et al. 2017) and SAC
(Haarnoja et al. 2018), and found that PPO consistently per-



forms better. We ran PPO for 30 iterations and then started
the fine-tuning process. As a comparison, we kept running
PPO with the same number of iterations.

As another baseline, we also ran an advanced Safe RL ap-
proach called Recovery RL (Thananjeyan et al. 2021). The
fundamental idea of Recovery RL is to first learn a recovery
policy and a risk value function (which estimates the risk of
taking an action in a state) offline. During the online train-
ing, a task policy is trained as usual while the recovery pol-
icy and the risk value function are fine-tuned in parallel. The
final policy is a combination of both the task policy and the
recovery policy: if the risk value of an action selected by the
task policy is above a certain threshold, the recovery policy
is executed instead. In our experiments, we used Implict Q-
Learning (IQL) (Kostrikov, Nair, and Levine 2022) to learn
the recovery policy and the risk function offline, and during
online training, we stuck with PPO to keep consistency. We
tuned hyperparameters using Optuna (Akiba et al. 2019) and
selected the best configurations.

Experimental Results The experimental evaluation were
run on 17 benchmarks from 6 domains. Due to the space
limit, we only report representative results for improving
worst-case safety on 6 benchmarks drawn from 3 domains.
The results for the other benchmarks are similar. We ran
each approach (DAgger, Recovery RL, and PPO) with 3 dif-
ferent seeds and plotted the average results. The results are
shown in Fig. 1. The shadow area around each line repre-
sents the 95% confidence interval.

Overall, DAgger with the oracle (the green line) achieved
the lowest initial state unsafety, and in many cases, also im-
proved the average reward. In particular, for the two vari-
ants of Two Way Line (the first four columns in Fig. 1),
initial state unsafety for PPO and Recovery RL were still
high when the average rewards achieved by the policies had
converged. In contrast, with the help of the safety oracle,
DAgger significantly improves worst-case safety. For Bel-
uga, the performance gap between DAgger and the other two
approaches is not significant, but DAgger still achieves bet-
ter worst-case safety (and higher reward). Fig. 1 also shows
that DAgger is significantly more stable than the other two
approaches, as reflected by the thin confidence intervals.

DAgger with the oracle can also be used to learn a policy
from scratch. We demonstrated this on benchmarks where
for each inital state following the initial state distribution,
all actions are unsafe (in such cases, measuring initial state
safety is not meaningful because it is always 0). Note that
despite all actions being unsafe for all initial states, a state
where a safe action exists can still be visited during policy
execution, and hence, the safety oracle is still applicable.

We started DAgger with a randomly initialized policy and
compared against standard PPO. We again used a fixed set of
5000 initial states and measured the average reward achieved
by the two approaches over these initial states throughout
training. Each approach were still run with 3 seeds and the
average results were plotted in Fig. 2. Both approaches could
achieve a nearly perfect reward (which is the reason why we
did not put Recovery RL into this comparison), but DAgger
achieved it faster and with less variance in performance.

Figure 2: DAgger improves convergence compared to PPO
for unsafe initial states.

Related Work Safe RL is centered around solving Eq.
1 (background section). This dual optimization problem
leads to variations of standard RL algorithms like PPO-Lag,
TRPO-Lag (Ray, Achiam, and Amodei 2019), and SAC-Lag
(Ha et al. 2020). There are also approaches (e.g., the work by
Thomas, Luo, and Ma (2021)) that avoid using Lagrangian
multipliers. However, these approaches tend to struggle with
sparse reward environments, which we address here.

Several works have extended DAgger (Ross, Gordon, and
Bagnell 2011) to improve safety during policy learning.
SafeDAgger (Zhang and Cho 2017) queries the reference
strategy whenever a safety classifier predicts significant de-
viation between the learned and reference policies. In sim-
ulated autonomous driving, this improved safety and effi-
ciency, as only states deemed unsafe by the safety classifier
require labelling by the expert. LazyDAgger (Hoque et al.
2021) extends SafeDAgger with a re-entry threshold that
reduces context switches between the expert and learned
policy. EnsembleDAgger (Menda, Driggs-Campbell, and
Kochenderfer 2019) follows the learned policy only when its
action predictions have a low uncertainty and otherwise falls
back to the expert, improving safety and learning efficiency
on continuous control benchmarks. HG-DAgger (Kelly et al.
2019) introduces a human-in-the-loop approach where a hu-
man expert has uninterrupted control until they decide to
give control back to the learned policy.

Conclusion
We contribute a new approach to safe RL, leveraging a
search-based safety oracle for fine-tuning with DAgger. Our
experiments provide evidence that this method is indeed
competitive.

One topic for future work is whether the safety oracle
can be replaced with a safety classifier, trained using data
provided by the safety oracle, to reduce the computational
overhead caused by the oracle. More generally, our work in-
dicates that search-derived knowledge can be useful for safe
RL, opening the question what are the best methods for do-
ing so, under which circumstances.
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