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ABSTRACT

Advancing safe autonomous systems through reinforcement learning (RL) requires
robust benchmarks to evaluate performance, analyze methods, and assess agent
competencies. Humans primarily rely on embodied visual perception to safely
navigate and interact with their surroundings, making it a valuable capability for
RL agents. However, existing vision-based 3D benchmarks only consider simple
navigation tasks. To address this shortcoming, we introduce HASARD, a suite of
diverse and complex tasks to HArness SAfe RL with Doom, requiring strategic
decision-making, comprehending spatial relationships, and predicting the short-
term future. HASARD features three difficulty levels and two action spaces. An
empirical evaluation of popular baseline methods demonstrates the benchmark’s
complexity, unique challenges, and reward-cost trade-offs. Visualizing agent
navigation during training with top-down heatmaps provides insight into a method’s
learning process. Incrementally training across difficulty levels offers an implicit
learning curriculum. HASARD is the first safe RL benchmark to exclusively target
egocentric vision-based learning, offering a cost-effective and insightful way to
explore the potential and boundaries of current and future safe RL methods. The
environments and baseline implementations are open-sourced1.

Figure 1: HASARD environments offer rich diversity in visuals, objectives, and features. Each setting
poses unique safe RL challenges across dynamic 3D landscapes, requiring memory, strategic naviga-
tion, tactical decision-making, responsiveness to sudden changes, and estimating future states. Higher
difficulty levels introduce novel features beyond basic parameter adjustments. While lacking visual
fidelity and accurate physics, HASARD effectively mimics real-world navigation and interaction.

1Visit our project website at https://sites.google.com/view/hasard-bench/.
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1 INTRODUCTION

Over recent decades, reinforcement learning (RL) has evolved from a theoretical concept into a
transformative technology that impacts numerous �elds, including transportation scheduling (Kayhan
& Yildiz, 2023), traf�c signal control (Liang et al., 2019), energy management (Wei et al., 2017),
and autonomous systems (Campbell et al., 2010). Its application ranges from optimizing complex
chemical processes (Quah et al., 2020) to revolutionizing the entertainment (Wang et al., 2017) and
gaming (Vinyals et al., 2017; Berner et al., 2019) industries. However, as RL continues to integrate
into more safety-critical applications such as autonomous driving, robotics, and healthcare, ensuring
the safety of these systems becomes paramount. This need arises because failures in real-world RL
applications can lead to consequences ranging from minor inconveniences to severe catastrophes.

Despite the importance of safe RL, the development of its systems faces many hurdles, including
the lack of robust benchmarks that mimic real-world complexities while remaining computationally
ef�cient for rapid simulation and training. Researchers have often resorted to manually adapting
existing RL environments (Alshiekh et al., 2018; Gronauer et al., 2024) and simulation platforms
(Müller et al., 2018; Lesage & Alexander, 2021) to test safety features. This complicates repro-
ducibility and often lacks the documentation and baseline comparisons necessary for streamlined
scienti�c progress. Existing safe RL benchmarks often rely on simplistic 2D toy problems to test
rudimentary capabilities (Leike et al., 2017; Chevalier-Boisvert et al., 2024), or focus on learning
safe robotic manipulation and control from proprioceptive data (Ray et al., 2019; Dulac-Arnold et al.,
2020; Yuan et al., 2022; Gu et al., 2023). However, few simulation environments have been developed
that support embodied egocentric learning from imagery, a critical component for applications where
visual perception directly impacts decision making and safety. It allows agents to interpret and
interact with the environment from a �rst-person perspective, which is essential for complex scenarios
such as autonomous driving, assistive robotics, unmanned aerial vehicle navigation, and industrial
automation. Focusing on embodied-perception learning not only improves an agent's performance
in dynamic, visually diverse settings but also brings its processing closer to human perceptual and
cognitive processes.

To address these gaps, we introduceHASARD, a benchmark tailored for egocentric pixel-based
safe RL. It features a suite of diverse, stochastic environments in a complex 3D setting. HASARD
demands comprehensive safety strategies and higher-order reasoning that go well beyond mere
navigation tasks in prior simulators Wymann et al. (2000); Dosovitskiy et al. (2017); Li et al. (2022);
Ji et al. (2023a). Existing benchmarks often rely on physics-based simulation engines, such as
MuJoCo (Todorov et al., 2012) or Robosuite (Zhu et al., 2020), which are computationally expensive
and slow. In contrast, HASARD is built on the ViZDoom (Kempka et al., 2016) platform and is
integrated with Sample-Factory (Petrenko et al., 2020), enabling up to 50,000 environment iterations
per second on standard hardware.

Instead of focusing on learning safe control under complex physics simulations, our setting features
semi-realistic environments that effectively replicate critical aspects of real-world interaction such as
spatial navigation, depth perception, tactical positioning, target identi�cation, and predictive tracking.
This approach models practical scenarios with reduced computational demands, allowing simulations
to effectively extrapolate to real-world challenges. Incorporating vision into safe RL is crucial for
enhancing realism and applicability by mirroring human perception in diverse, safety-critical tasks.
HASARD is not intended to replicate the full complexity of real-world applications. However, it
serves as an important foundation for vision-based Safe RL research. It offers means for developing
and analyzing algorithms that can be re�ned and applied to more complex and realistic scenarios.

It should be noted that HASARD is based on an FPS video game, which inherently contains elements
of violence. We do not endorse these violent aspects in any way. Our motivation is solely to leverage
the technical capabilities of the platform to advance research in safe RL.

Thecontributions of our work are three-fold. (1) We develop six novel ViZDoom environments
in three dif�culty levels, simulating complex and visually rich 3D scenarios for safe RL. (2) By
integrating these environments with Sample-Factory, we enable rapid simulation and training, and
we publicly release HASARD, the �rst safe RL benchmark speci�cally designed for vision-based
embodied RL in complex 3D landscapes. (3) We evaluate six popular baseline methods in various
settings within our environments, revealing key shortcomings in balancing task performance with
safety constraints and guiding future research in safe RL.

2



Published as a conference paper at ICLR 2025

Table 1: Comparison of existing Safe Reinforcement Learning benchmarks with HASARD.

Benchmark 3D Dif�culty
Levels

Vision
Input Stochastic Light-

weight
Action
Space

Partially
Observed

AI Safety Gridworlds 7 7 7 7 X Discrete 7
Safe-Control-Gym X 7 7 X 7 Continuous 7
Safe MAMuJoCo X 7 7 7 7 Continuous 7
MetaDrive X 7 X X X Disc./Cont. 7/ X
CARLA X 7 X X 7 Continuous X
Safety Gym X 7 7 X 7 Continuous 7
Safety Gymnasium X X X 7 7 Continuous 7/ X

HASARD X X X X X Disc./Hybrid X

2 RELATED WORK

Adapted RL Environments RL simulation environments have widely been adapted for safety
research. Speci�c tiles incorporated intoMinigrid (Chevalier-Boisvert et al., 2024) environments
serve as hazards that the agent must avoid (Wachi et al., 2021; Wang et al., 2024).RWRL augments
RL environments with constraint evaluation, including perturbations in actions, observations, and
physical quantities with robotic platforms such as two-wheeled robots and a quadruped (Dulac-Arnold
et al., 2020). TheCARLA simulator for autonomous driving has been used to directly penalize
unsafe actions like collisions and excessive lane changes in the reward function (Nehme & Deo, 2023;
Hossain, 2023). Similarly, the racing simulatorTORCS incorporates penalties for actions that lead
to speed deviations and off-track movement into its reward structure (Wang et al., 2018).

Safety Environments Early safe RL environments likeAI Safety Gridworlds (Leike et al., 2017)
are situated in 2D grid worlds and tackle challenges like safe interruptibility and robustness to
distributional shifts. Robotics platforms directly incorporate safety constraints into RL training for
tasks such as stabilization, trajectory tracking, and robot navigation.Safe-Control-Gym (Yuan et al.,
2022), effective for sim-to-real transfer, includes tasks like cartpole and quadrotor with dynamics
disturbances. Meanwhile,Safe MAMuJoCo, Safe MARobosuite, andSafe MAIG (Gu et al.,
2023) serve as benchmarks for safe multi-agent learning in robotic manipulation.Safety-Gym(Ray
et al., 2019) uses the pycolab engine for simple navigation tasks emphasizing safe exploration and
collision avoidance.Safety-Gymnasium(Ji et al., 2023a) enhances Safety Gym with more tasks,
agents, and multi-agent scenarios. The Safety Vision suite is the closest to our work, but despite
the 3D capabilities of MuJoCo, these environments do not leverage the physics-based nature of
the engine to increase the depth and realism of tasks but merely add a layer of control dif�culty,
accompanied by increased computational overhead. Furthermore, all tasks can fundamentally be
reduced to two-dimensional problems as there is no vertical movement, limiting agents to navigation
objectives where the goal is to avoid collisions while moving toward a target. Notably, other entities in
these environments serving as hazards are either stationary or move along predetermined trajectories.
We present an extended comparison with Safety-Gymnasium in Appendix E.

3 PRELIMINARIES

In the context of embodied image-based safe reinforcement learning, we formulate the problem as
a Constrained Partially Observable Markov Decision Process (CPOMDP), which can be described
by the tuple(S; O; A ; P; O; R; 
; p; C; d). In this model,S represents the set of states andO, the
set of high-dimensional pixel observations, re�ects the partial information the agent receives about
the state. Actions are denoted byA, and the state transition probabilities byP = P(st +1 jst ; at ).
The observation functionO(ojst +1 ; a) dictates the likelihood of receiving an observationot 2 

after actionat and transitioning to new statest +1 . The reward functionR : S � A ! R, maps
state-action pairs to rewards.Cis a set of cost functionsci : S � A ! R for each constrainti , while
d is a vector of safety thresholds. The initial state distribution is given byp, and the discount factor

 determines the importance of immediate versus future rewards. The goal in a CPOMDP is to
maximize the expected cumulative discounted reward,E[

P 1
t =0 
 t r (st ; at )], subject to the constraints

that the expected cumulative discounted costs for eachi , E[
P 1

t =0 
 t ci (st ; at )], remain below the
thresholdsdi . A policy � : S ! �( A ) maps states to a probability distribution over actions. The
value functionV � (s) and action-value functionQ� (s; a) respectively measure the expected return
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(a) Precipice Plunge : The agent adopts asafe
strategy (left), carefully descending the cave using the
staircase to minimize the risk of falling. The agent
engages in anunsafeleap to the bottom of the cave
(right), quickly achieving its objective at the cost of
incurring signi�cant fall damage.

(b) Detonator's Dilemma : The agent detonates
a barrel in asafemanner (left), ensuring no creatures
or other barrels are nearby while maintaining suf�-
cient distance. The agent demonstratesunsafebehavior
(right) by recklessly detonating a barrel in a crowded
area with nearby barrels while standing too close.

Figure 2: Illustrations of safe and unsafe agent behavior.

from states under policy� , and after taking actiona in states. Considering the numerous constraint
formulations in literature (Gu et al., 2022; Wachi et al., 2024b), for the scope of this paper and our
experiments, we adopt a CMDP approach where the aim is to optimize the expected return from the
initial state distribution� , constrained by a safety threshold on the cumulative safety cost. Formally,
the problem is de�ned as:

max
�

V �
r (� ) s.t. V �

c (� ) � �; (1)

whereV �
r (� ) andV �

c (� ) respectively represent the expected return and the cumulative safety cost of
policy � , and� 2 R+ is the prede�ned safety threshold.

4 THE HASARD BENCHMARK

With the environment design inspired by previous benchmarks (Tomilin et al., 2022; 2024), HASARD
is built on the ViZDoom platform (Kempka et al., 2016), a highly �exible RL research tool that
enables learning from raw visual inputs using the engine of the classic FPS video game, Doom. One
of ViZDoom's key advantages is its lightweight nature, which allows it to achieve up to 7000 FPS
with off-screen rendering. Table 1 compares HASARD with prior benchmarks. We motivate the
utility of HASARD in Appendix D.

HASARD comprises six stochastic environments, developed using the Action Code Script (ACS)
language. Table 2 outlines the core properties of each scenario, including (1) the simpli�ed action
space, (2) the presence of enemies, (3) the availability of obtainable items, (4) the primary objective
of the environment, and (5) cost increasing criterion. Below, we will brie�y introduce each scenario's
challenges and characteristics.

4.1 SCENARIOS

Armament Burden The agent must collect weapons scattered across the map and deliver them
to the starting zone. Each acquired weapon adds to the load, slowing the agent once the carrying
capacity is exceeded. Since heavier weapons yield higher rewards, the challenge is to optimize which
weapons to collect, in what order, and when to return.

Remedy Rush The ask features an area densely �lled with items that grant health or incur costs.
The agent is required to replenish its health by collecting the former and avoiding the latter.

Collateral Damage Armed with a rocket launcher and held stationary, the agent is tasked to
eliminate fast-moving distant targets while avoiding harm to neutral units in proximity. This demands
accurate targeting and anticipatory skills to accurately predict future positions of both hostile and
neutral units by the time the projectile reaches its destination.

Volcanic Venture The agent must navigate platforms, skillfully leaping between them to collect
items. This compels the agent to assess the feasibility of reaching isolated platforms and their
potential rewards, balancing the risk of falling into the lava.
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Table 2: Key aspects of HASARD environments including the simpli�ed actions, presence of enemies,
availability of collectibles, primary objective, and associated costs. Actions in the table follow the
coding F:MOVE_FORWARD, B: MOVE_BACKWARD, L: TURN_LEFT, R: TURN_RIGHT, E: USE, J:
JUMP, S:SPEED, A: ATTACK, U: LOOK_UP, D: LOOK_DOWN.

Environment Basic Actions Enemies ItemsObjective Cost

Armament Burden F L R E J X X Deliver weapons Breach capacity

Remedy Rush F L R J S 7 X Collect health items Obtain poison

Collateral Damage A L R X 7 Eliminate targets Harm neutrals

Volcanic Venture F L R J S 7 X Gather items Stand on lava

Precipice Plunge F B L R U D J 7 7 Descend deeper Fall damage

Detonator's Dilemma F L R J S A X 7 Detonate barrels Damage entities

Precipice Plunge Trapped in a cave, the agent must quickly descend to the bottom. It needs to
skillfully control its movement and speed, accurately gauge depth, and assess which surfaces are safe
to leap to, as long falls result in health loss.

Detonator's Dilemma The agent has to shoot explosive barrels scattered across the environment
to detonate them. The presence of neutral units sporadically roaming the area complicates the task.
The agent must choose which barrels to shoot and time these detonations to prevent: 1) harming the
neutrals, 2) harming itself, and 3) unintended chain explosions.

All environments balance high rewards against low costs and are designed such that costs can always
be avoided. As per Equation 1, even when unsafe behavior is mitigated to keep costs within budget,
re�ned strategies could yield higher rewards. This design ensures the benchmark remains challenging
as safe RL methods evolve. Further details of the environments can be found in Appendix A.

4.2 ENVIRONMENT SETUP

Each episode starts from a random con�guration and runs for 2100 time steps (35 ticks/second for 60
seconds in real-time) unless terminated early. The environment's inherent stochasticity results in a
non-deterministic transition functionP.

Observations The agent perceives the environment through a �rst-person perspective, capturing
each frame as a160� 120pixel image in 8-bit RGB format. This resolution strikes a balance between
adequate detail and rapid rendering speeds. A head-up display (HUD) occupies the lower section of
the frame, displaying vital statistics such as armor, weapons, keys, ammo, and health. Limited by a
90-degree horizontal �eld of view, the agent's observation is restricted to a subset of its surroundings,
de�ning the partially observable state spaceO of the CPOMDP.

Actions Doom was originally designed for keyboard use, supporting a basic set of button presses
for movement, shooting, opening doors, and switching weapons. Modern adaptations extend these
capabilities with mouse support and additional actions such as jumping and crouching. The ViZDoom
platform integrates mouse movement through two continuous actionsC = f c1; c2g, wherec1 and
c2 correspond to horizontal and vertical aiming adjustments respectively. Furthermore, it allows
for a combination of multiple simultaneous key presses, structured into amulti-discrete action
spaceD, formed by the Cartesian product of individual actions. This space includes 14 individual
actions that can be activated in various combinations to generate a total ofjD j = 864 discrete actions,
encapsulated inD = f d1; d2; : : : ; d14g. The total action space is thus formalized as the product of
these continuous and multi-discrete spaces:A = C � D .

To shorten the training loop and emphasize Safe RL principles over general RL challenges, HASARD
provides the option to use a simpli�ed action space for each environment, removing redundant
actions that are not vital for solving the task and discretizing the continuous actions. For instance,
in Precipice Plunge , the agent can select fromjD j = 54 discrete actions, structured as
A = D = A1 � A2 � A3 � A4, whereA1 = f MOVE_FORWARD; MOVE_BACKWARD; NO-OPg,
A2 = f TURN_LEFT; TURN_RIGHT; NO-OPg, A3 = f LOOK_UP; LOOK_DOWN; NO-OPg, and
A4 = f JUMP; NO-OPg. This setting simpli�es exploration and promotes faster learning while
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