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ABSTRACT. The paper describes a research effort aimed at developing RL-Godot, a reinforcement
learning (RL) based open source software system supporting the study of pedestrian dynamics. We
first introduce the curriculum based RL approach to pedestrian simulation adopted for RL-Godot, then
describe its system architecture and report a preliminary experimental application that evaluates the
framework’s ability to qualitatively reproduce low-to-medium density pedestrian behaviors reported in

the literature.
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1. INTRODUCTION

Reinforcement Learning (RL) [1] is a machine learn-
ing approach in which an agent learns how to behave
in in its environment by receiving a scalar reward
signal that reflects the consequence of each action.
The RL algorithms explores the effects of agents’ ac-
tions, and gradually learn how to select an action
given the current situation, through a trial and error
process. This feedback received by the agent from
the environment, as a consequence of its action, is
a simple scalar value: it is much less informative than
the ground-truth based loss function value, typical of
a supervised training process Nonetheless, it is appli-
cable in cases where there are difficulties in achieving
sufficiently large and varied data sets for supervised
training, but an evaluation of the quality of an action
can be computed.

Pedestrian simulation, despite being still a very ac-
tive field of research, has provided sufficient empirical
evidences allowing for such an evaluation. Recent
works have shown that Deep Reinforcement Learning
(DRL) (i.e. RL techniques employing deep neural
networks in their functioning) can produce policies
producing plausible pedestrian behaviors. This has
been attempted previously in [2] B] with promising
results but room for improvement. Within this line of
research, in ] we developed a curriculum based RL
approach and a simulation system built on Unity [5]
and the ML-Agents [6] toolkit as underlying enabling
technologies.

The present work aims at substituting proprietary
closed source technologies with open source libraries
and tools, improving accessibility and reproducibility
of the achieved results. The work follows however an
analogous approach, that we will now briefly intro-
duce, focusing on the fundamental elements of the
curriculum based RL training process.

2. REINFORCEMENT LEARNING AND
PEDESTRIAN SIMULATION

First of all, RL algorithms exploit experiences in the
form of tuples (sy, a;, Tiy1, St+1), where s; is the
agent’s perception (state) at time ¢, a; is the action
taken, 7,41 is the reward signal received from the en-
vironment after executing a;, and sy is the resulting
next state. Given a sufficiently rich set of such expe-
rience tuples, and under standard assumptions (e.g.,
the Markov property and sufficient exploration), RL
algorithms learn a policy 7(s) — a mapping from states
to actions — that maximises the expected cumulative
(discounted) reward. In our case, the state of the
environment is not completely accessible to the agent,
so it is actually substituted by its perception by the
agent, as a form of belief about the environmental
state. Moreover, the Markov property (stating that
the future state of the environment depends only on
the current state and action taken by the agent, not
on any earlier history) is a sufficient condition for RL
to succeed but not a necessary one: when it does not
hold, the environment is said to be partially observ-
able, and the problem falls in the category of Partially
Observable Markovian Decision Processes (POMPD).
In these cases, RL methods can still learn useful poli-
cies, although the learning problem is harder and often
requires additional mechanisms and concepts, as in
our case.

Pedestrians are represented as agents embedded in
a continuous environment. First, we define a percep-
tion model: each agent receives a set of projectors that
emit rays, providing information about nearby obsta-
cles and goals; in addition, proximal areas allow the
agent to perceive other agents and obstacles within
a limited radius.

Agents’ actions consist of continuously regulating
their velocity vector, i.e., adjusting walking speed and
heading. This regulation takes place three times per
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Score Event

+6 Reached final target

+0.5 Reached intermediate target (first time)
-1 Reached intermediate target (other times)
—0.5 No target in sight

-0.5 Wall or agent quite near (within 0.6 m)
—0.005  Agent near (within 1m)

—0.001  Agent in social area (within 1.4m)
—0.0001 End of each timestep

—6 Episode length reached

TABLE 1. Contributions to the reward function com-
putation.

second. Each agent is assigned a maximum walking
speed (which may differ across agents). For the ex-
periments reported in this paper we fix two actuation
limits: an agent can change its heading by at most
25° per update, and it can accelerate from rest to full
speed (or decelerate to a stop) in two updates. These
limits are chosen to reflect normal walking behavior,
rather than jogging or running.

Perception informs the reward function, which eval-
uates each action taken by a pedestrian agent. Table
lists the individual contributions that events make to
the reward at every decision step.

Most reinforcement-learning (RL) systems are, how-
ever, task-specific: in addition to the reward function,
an environment model is supplied and a training pro-
cess produces a policy (i.e., a decision function map-
ping the agent’s perception to the action that should
be taken) tailored to that particular setting. The
policy is tuned to the exact state space, environment,
and reward structure, so it usually does not generalise
to anything that differs. In our case this would mean
a separate training process for every environment.

The curriculum learning [7] approach, when
applied to RL, allows the acquisition of a general
policy capable of producing plausible pedestrian be-
haviours in environments that were not encountered
during training. A curriculum is a set of scenarios
(or environments) of increasing difficulty that sup-
port incremental skill acquisition. In our work the
skills are: orienting toward a target, walking while
maintaining an appropriate distance from walls and
obstacles, and navigating around other pedestrians.
Agents experience scenarios sequentially, moving to
the next one only when the average accumulated re-
ward of a set of agents over a given time period exceeds
a scenario-specific threshold. While curriculum learn-
ing is a general technique, not specific to RL, it has
proven to be an effective transfer-learning strategy for
RL (see [8]). The structure of the proposed curriculum
is summarized in Table[2} first, agents learn the effects
of their actions (e.g., turning to locate a target is ben-
eficial; walking too close to a wall is harmful). Next,
they navigate environments of progressively greater ge-
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High level behaviour Environment
Walk towards target StartEz

Start
Turn towards target Observe

Start corridor

Bends
Obstacle bends

Navigate narrow corridors

Make bends and avoid walls

Avoid agents walking in the same  Narrow door

direction
Corridor 3v3

T junction
4 way intersection

Avoid agents walking in conflicting
directions

Combine all the above Double narrow door

TABLE 2. Curriculum structure.

Score:

. Corridor 3 vs 3 envi-
ronment

Score:

(A). Obstacle bends envi-
ronment

Score:

(c). 4 way intersection (D).

4 way intersection

environment environment

FIGURE 1. Sample environments from the training
curriculum.

ometric complexity, featuring bends and bottlenecks.
Finally, they learn to coordinate in scenarios with
relatively simple conflicts (e.g., agents moving toward
the same target) and then in increasingly challenging
settings, such as intersections and counter-flows. Rep-
resentative environments used in the curriculum are
shown in Figure

A final step of the training process is characterized
by a parallel retraining of the agent in a selected
number of scenarios before the end of the overall
training, to refresh skills acquired in earlier steps.

3. SYSTEM ARCHITECTURE

In prior work we used the Unity game engine cou-
pled with the ML-Agents library for agent train-
ing, simulation, and data export to external analysis
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tools. Unity also enables the deployment of trained
models in games, interactive applications, and even
virtual-reality experiments to collect empirical data
on pedestrian behaviour.

However, Unity is not an open-source platform and
ML-Agents does not provide a comprehensive set of
deep RL algorithms; it is primarily an ancillary tool
that extends Unity for the development of non-player
characters or autonomous agents based on a specific
Al framework. From an open-science perspective,
with the aim to improve the reproducibility of our
simulation results and to support a broader range of
RL algorithms, we therefore developed an analogous
platform that relies solely on open-source technologies.

First, we identified the Godot game engine [J] as
an open-source alternative to Unity. Godot is a free,
open-source engine that supports 2D and 3D develop-
ment on multiple platforms (desktop and mobile). Tt
offers a scene system similar to Unity, an integrated
scripting language (GDScript), and bindings for C#,
C++, and Python. The Python bindings, in partic-
ular, enable tight integration with Python-based RL
libraries.

To expose Godot’s simulation state to exter-
nal reinforcement-learning frameworks, we used
GodotRL Agents [I0]. This lightweight Python
library implements a simple client—server protocol
over WebSockets, allowing agents written in Python
to interact with Godot scenes in real time.

Our first RL framework was Stable Base-
lines 3 [II]. Built on PyTorch, it implements a wide
range of well-tested DRL algorithms (e.g., PPO, DQN,
SAC, TD3). The library is designed for both research
and production use, providing reproducible baselines
and a consistent API. These design choices support
source-level reproducibility, as all algorithmic details
(hyperparameters, network architectures) are publicly
documented, thereby facilitating community-driven
benchmarks and comparisons.

Finally, we transitioned from a collection of ad-hoc
Python data-visualization scripts to PedPy [I12],
a Python library for pedestrian-movement analysis
and visualization. PedPy provides tools to compute
metrics such as speed distributions, density maps, col-
lision rates, and trajectory clustering. This choice
promotes the use of standardized metrics, allowing
users to generate identical quantitative measures and
thereby facilitating cross-study comparisons. More-
over, all visualizations are produced programmatically,
eliminating manual intervention that could introduce
bias. Examples of PedPy visualizations will be shown
in the next section, where we describe example appli-
cations of RL-Godot.

The only visualizations that we still produce out-
side of PedPy are those related to the dynamics of the
training process. In particular, we generate two plots:
(1) the mean cumulative reward per episode and (2)
the episode duration. The training dynamics can be
logged by instructing Stable Baselines to store the
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(A). Mean cumulative reward during training
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FIGURE 2. Diagrams showing the mean cumulative
reward and episode duration during the training pro-
cess.

desired metrics. Technically, the logging component
is TensorBoard [13], which can also generate visu-
alizations; however, we use it solely as a logger. We
created a dedicated Python notebook that consumes
the logged data and additional curriculum metadata,
enriching the plotted trends with colors corresponding
to the different environments in the curriculum for
improved readability. The resulting plots are shown
in Figure 2 In this example, the training employed
Stable Baselines’ implementation of Proximal Policy
Optimization [I4]. Note that each curriculum step
has a distinct duration and mean cumulative-reward
threshold. Different environments are characterized
by varying numbers of intermediate targets for agent
movement and different plausible path lengths from
start to goal. Consequently, the reward and duration
curves do not always improve monotonically; instead,
they exhibit sudden drops that typically correspond
to exploratory policy updates when agents try alterna-
tive actions that yield negative outcomes, prompting
further exploration of the state space.

The outcome of this work is RL-Godot Pedes-
trian Simulation [I5], an open-source system that
allows users to (i) run simulations in planar envi-
ronments (multi-floor environments are not yet sup-
ported), (ii) employ existing agent behavioral models,
and (iii) customize the training pipeline to generate
new models. The overall system architecture is illus-
trated in Figure

4. EXPERIMENTAL APPLICATIONS

The policy obtained from the training process de-
scribed earlier was evaluated in environments that
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Godot-RL Agents

Training logs for
data analysis and
Godot visualization

(Training) Environment

Simulation logs for

Stable baselines 3

Behaviour —————— RL algorithm

y
Pedestrian

behavioral
policy

data analysis and
visualization

Ficure 3. High level schema of the RL-Godot system
architecture.

had not been presented to the agents during training.
Two such test scenarios are illustrated in Figure
and Figure

In the first scenario, a single pedestrian agent is
initialized at random in the southern room. The agent
can exit through two doors: one leads to a central cor-
ridor, and the other opens onto a northern room that
contains the final target. Figure (generated using
PedPy to process logs from RL-Godot) shows the tra-
jectories of ten independent runs. The agent’s motion
is plausible and largely conforms to the “least-effort
principle”, with smooth paths.

The second scenario depicted in Figure [4c| involves
six agents — three in the southern room and three in
the northern room. All must pass through a single
door into the central corridor, thereby avoiding col-
lisions with teammates from their own room. Once
inside, they encounter counter-flow pedestrians mov-
ing in the opposite direction. Figure [Id] displays ten
runs, yielding a total of 60 trajectories. A few outliers
exhibit unusually long paths as the agents avoid oth-
ers, and a mild turbulence is observable in the central
corridor.

These tests demonstrate that the training process
yields a behavioral policy capable of generalizing to
novel situations, confirming that the learned rules
are not over-fitted to the training environments. In
general, the policy produces plausible trajectories in
low-density settings but struggles to maintain consis-
tent social interactions when space becomes contested.

While the use of game engines such as Godot or
Unity, together with their physics engines, can impose
intrinsic limits on handling medium-high densities,
we wanted to investigate whether these limits were
already reached in the test environments or whether
the policy could be improved by altering the training
process. To increase the agents’ exposure to social
interactions and conflicts, we modified several training
scenarios:

e In some environments where the agent previously
moved alone, additional pedestrians were intro-
duced (e.g., obstacle bends).
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FIGURE 4. Diagrams showing the mean cumulative
reward and episode duration during the training pro-
cess.

o Selected bottlenecks and passages were narrowed
(e.g., narrow door, double-narrow door, T-junction,
4-way intersection).

e Some environments featured corner passages be-
tween rooms.

The reward function was also slightly altered: we
retained the penalty for being within 0.6m of another
pedestrian, but removed the smaller penalties applied
at distances of 1m and 1.4 m.

The decision to add corner passages was motivated
by the results reported in [16]. That study examined
how changing door positions between rooms affects
evacuation dynamics using a floor-field model [17]. Tt
considered two rooms with an intermediate “entrance
hall” leading to the final exit. Two door-placement sce-
narios were compared: (i) doors placed in the middle
of a wall, and (ii) doors placed in a corner. Simu-
lations showed that corner-placed doors facilitated
smoother, faster evacuations of the starting rooms
but increased congestion in the middle room near the
shared exit. Consequently, overall evacuation time
was higher when doors were positioned in corners.

The new training process we carried out allowed us
to achieve improvements in the pedestrian behaviors
in moderate levels of density, such as those locally
experienced by pedestrians in the double door counter
flow scenario.

We were able to qualitatively reproduce the scenario
discussed in [I6], as shown in Figure 5| In particular,
Figure [pa]and Figure [pb|respectively show trajectories
in the two considered spatial configurations of the
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FIGURE 5. Results achieved in the scenario discussed in [16].

environment. A proper queuing behavior at the bot-
tleneck is still not uniformly present: the trajectories
show that agents sometimes exhibit a sort of move-
ment bias, following unnecessarily long paths to keep
moving rather than stopping and waiting. The curricu-
lum, however, does not include any situation in which
agents must stand still and wait for the possibility
to move, so this could probably be improved adding
such a situation; the reward function could also be
reconsidered to penalize final trajectories excessively
long compared to the optimal one.

Nonetheless, the central stylized fact discussed by
the original study, i.e. that the corner door posi-
tioning leads to an overall higher evacuation time in
this layout, was correctly reproduced: Figure in
fact, shows the level of density in the monitored areas
(highlighted as cyan squares in the previous figures)

throughout the simulation. The red line is associated
to the corner door positioning, and it is initially lower
than the blue one. In the initial phases, in fact, pedes-
trians are able to more smoothly vacate the starting
rooms, with corner door positioning. Nonetheless,
they meet in the shared entrance hall where the con-
gestion level leads to a longer queuing process: the
blue line, associated to the mid wall door positioning,
in fact, gets to zero earlier, which implies that the
associated simulation ends earlier than the case of the
corner positioning. Trajectory graphs were generated
by PedPy, that processed logs produced by RL-Godot;
analyses such as the one in Figure computing the
density level dynamics in given areas of the environ-
ment throughout a simulation are also made possible
and quite easy by PedPy, that represent an extremely
useful complement to any pedestrian simulator.
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5. CONCLUSIONS AND FUTURE
DEVELOPMENTS

The paper has presented RL-Godot, a Reinforcement
Learning based open source software system support-
ing the simulation of pedestrian dynamics. After
briefly introducing the curriculum based RL approach
to pedestrian simulation, we introduced the RL-Godot
system architecture. Finally, we described a first ex-
perimental application aimed at qualitatively repro-
ducing results from the literature, to evaluate its ade-
quacy to simulate low to medium density situations.
The results we have achieved are promising: the cur-
riculum based approach yields policies that generalize
well the experienced situations, avoiding overfitting
while building on training scenarios. Nonetheless, fur-
ther research is necessary to evaluate to which extent
the proposed curriculum and reward function are ad-
equate to cover a sufficiently large set of situations.
Preliminary results suggest, however, that it is possi-
ble to fine tune the achieved policy by adding further
scenarios to the curriculum, to grant the agents addi-
tional competences.

However, the fine tuning approach has structural
limitations: changing the perception model or reward
function requires a new training run. An example of
this process regards providing agents with the ability
to perceive signs and passage information, indicating
whether a path leads toward an exit or intermediate
goal. This kind of setting enables training autonomous
wayfinding policies. Preliminary results appear in [18],
and we are working to replicate them within RL-
Godot.

In conclusion, RL-Godot is still in its early stage of
development, like most the research lines on RL based
pedestrian simulation approaches, yet it already shows
promise, not just for pedestrian simulation, but also
as a tool for creating believable non-player characters
(NPCs) in VR applications [19].
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