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Abstract

Probabilistic logic shields integrate deep reinforcement learn-
ing (RL) with probabilistic logic reasoning to train agents
that operate in uncertain environments while giving strong
guarantees with respect to logical constraints, such as safety
properties. In this demo paper, we introduce a codebase that
streamlines the design of custom MiniHack environments
where neurosymbolic RL agents leverage probabilistic logic
shields to learn safe and interpretable policies with strong
guarantees. Our framework allows expert users to easily de-
fine and train agents that integrate deep neural policies with
probabilistic logic in arbitrarily complex games: from simple
exploration to planning and interacting with enemies. Addi-
tionally, we provide a web-based platform that showcases our
application, offering an interactive interface for the broader
community to experiment with and explore the capabilities of
neurosymbolic reinforcement learning. This lowers the bar-
rier for researchers and developers, making it accessible for a
wider audience to engage with safety-critical RL scenarios.

Code — https://github.com/ML-KULeuven/nesy-minihack
Website — https://dtai.cs.kuleuven.be/projects/nesy/

Introduction
In recent years, deep reinforcement learning (RL) has
achieved remarkable successes across a variety of domains,
from mastering complex games (Schrittwieser et al. 2020)
to enabling robotic control (Schulman et al. 2015) and au-
tonomous driving (Kiran et al. 2021). While deep RL excels
in finding effective policies through large-scale exploration,
applying it to safety-critical environments remains a chal-
lenge. In such settings, agents must not only learn to max-
imise long-term rewards but also ensure compliance with
given constraints, such as avoiding hazardous states or en-
suring regulatory adherence.

Reward shaping (Ng, Harada, and Russell 1999) does not
provide guarantees, and it is often difficult to engineer the
right reward function in practice. In contrast, probabilistic
logic shields (Yang et al. 2023) have emerged as a promis-
ing approach, because they rely on logical reasoning to re-
normalise the policy function and prevent unsafe actions.
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Observation 𝐗
P(lava left |X) = 0.1
P(lava right |X) = 0.9

P(lava up |X) = 0.0

P(lava down |X) = 0.0

P(act(left)|X) = 0.1
P act(right) X = 0.7

P act(up) X = 0.0

P act(down) X = 0.2

Policy 𝝅

unsafe ← lava left ∧ act(left)
unsafe ← lava up ∧ act(up)

Shield

P(act(left)|X, safe) = 0.25
P act(right) X, safe = 0.19

P(act(up)|X, safe) = 0.00

P act(down) X, safe = 0.56

Shielded policy 𝝅!

…
safe ← ¬unsafe

Sensors

Figure 1: Example of Probabilistic Logic Shielding.

Although the concept of combining symbolic reasoning
with deep learning is not new (Marra et al. 2024), practi-
cal implementations of safe RL through probabilistic logic
shields remain limited. Most existing systems require highly
specialised knowledge, which creates barriers for wider
adoption. Our work builds on Yang et al. (2023), and aims to
lower these barriers by providing a flexible and user-friendly
codebase. We extend Yang et al. (2023) by integrating it into
the popular MiniHack (Samvelyan et al. 2021) environment,
a framework derived from the NetHack Learning Environ-
ment (Küttler et al. 2020), which offers rich, procedurally
generated challenges ideal for testing complex RL agents.

By integrating probabilistic logic shields into MiniHack,
our framework not only supports the development of safe
and interpretable RL agents but also democratises the de-
ployment of neurosymbolic RL in real-world and research
settings. We believe this toolset will play a crucial role in
advancing safe RL practices and fostering broader adoption
of logic-augmented neural agents in safety-critical domains.

Neurosymbolic RL MiniHack Agents
Figure 1 illustrates how the shielding technique works. As
in standard deep RL, an observation from the environment
is passed to a neural network to produce an initial policy
π. Additionally, sensors extract probabilistic symbolic infor-
mation from the same observation, e.g. there is lava to the
right of the agent with 0.9 probability. The shield is com-
posed by a set of (probabilistic) logic rules that define what
is safe and what is not. It uses the probabilities from π, to-
gether with the sensors values, to renormalise π and thus
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(a) Cliff (b) Key Room (c) Monster Room (d) Lava Lake

Figure 2: Custom MiniHack environments. The agent’s objective is to reach the goal (the staircase). Challenges include avoiding
a lava cliff (Cliff), obtaining a key to unlock a door (Key Room), evading a chasing monster (Monster Room), and navigating a
slippery floor with randomized lava (Lava Lake).

produces a safe, shielded policy π+. This policy adheres to
the safety constraints while maintaining the flexibility of the
neural network’s original policy. Importantly, this shielding
technique is end-to-end differentiable, allowing seamless in-
tegration with neural networks and RL algorithms, such as
PPO (Schulman et al. 2017). Moreover, by employing prob-
abilistic logic, the shield helps the agent handle uncertainty
about state and action safety, maximizing safety despite in-
complete or noisy information. This flexibility accommo-
dates probabilistic safety rules, noisy sensors, or both, mak-
ing it suitable for real-world environments1.

To showcase this neurosymbolic integration, we created
multiple custom MiniHack environments (see Figure 2), and
we compare the shielded agent with an agent that uses re-
ward shaping for encoding safety in these environments.
Cliff (Figure 2a), firstly introduced in Sutton and Barto
(2018) (Example 6.6), shows that shielding enables faster
training convergence, as the shielding does not only prevent
the agent from exploring dangerous states but also guides
the learning process towards more productive areas of the
state space. Key Room (Figure 2b), adapted from MiniHack
environment zoo, is a randomised environment where the lo-
cations of every object (door, key, start, goal) change at each
episode. In this environment, we show that perfect sensors
can be used in probabilistic logic rules to provide a high-
level policy that minimises the exhaustion of the agent by
suggesting the preferred order, i.e. the key must be collected
before opening the door. Monster Room (Figure 2c), is a dy-
namic and randomised environment where the start and goal
locations are fixed, but monsters are spawned randomly, and
they chase the agent. This demonstrates how we can deal
with moving objects, and that the shield helps the agent
reaching the goal while avoiding the monsters. Lava Lake
(Figure 2d), is inspired by Frozen Lake (Brockman et al.
2016). The agent has to reach the goal while avoiding holes
with lava, considering that the floor is slippery. This setting
shows that we can deal with stochastic transition functions
and still maximise safety in these settings.

In order to define a shield, one has just to take care of
describing the unsafe behaviour. For example, in Cliff, it can
be easily defined by the rule

∀a unsafe← lava(a) ∧move(a),

1In this work, we always consider perfect sensors, as MiniHack
facilitates this by providing symbolic observations.

where a ∈ {left, right, up, down}. Then, the probability
of lava being in a certain direction is given by the sensor
function, and the probability of taking an action a is pro-
vided by the base policy π, as shown in Figure 1. Finally,
the neurosymbolic nature of the framework makes it resilient
to test-time changes. For example, it is possible to add ex-
tra monsters, extra lava, or even change the shield, and still
guarantee the safety of the agent without re-training.

Implementation
Our implementation makes use of the Stable Baselines3 li-
brary (Raffin et al. 2021), which implements state-of-the-
art RL algorithms. We use the MiniHack framework to
define Gym environments (Brockman et al. 2016), which
are a standard in RL research. Shields are implemented in
ProbLog (De Raedt, Kimmig, and Toivonen 2007).

Extensibility and usability. The structure of the code-
base makes it easy to add new environments, change the
RL algorithm or add new shields. For example, a new shield
can be added by creating (1) a ProbLog file that defines the
safety rules and (2) a function that maps an observation to
sensor values used by the shield. Then, training an agent is
as simple as running the following code.
shield = Shield(problog_file, sensor_func)
agent = PPO(MlpPolicy, env, shield)
agent.learn(total_timesteps=10_000)

We also provide a Jupyter notebook that allows users to get
started with the core functionalities.

Interactive website. We have incorporated an interactive
demo on our website that showcases the safety, training con-
vergence, and generalization advantages of our approach.
Users can load pretrained shielded and non-shielded agents
(at multiple training checkpoints) in different environments
to compare their behaviour, or manually control the agents
in the environments. Additionally, the demo allows users to
make small changes to the environment (e.g. add lava tiles)
and test whether the pretrained agents still perform well. The
user can also add a shield to an agent that was trained with-
out one, or change the shield of a shielded agent.

Conclusion
Our demo shows that the neurosymbolic integration of deep
RL with probabilistic logic shields allows for safer training,
better generalization and faster training convergence when
compared to a deep RL agent with reward shaping.
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