Research Paper Track

AAMAS 2026, May 25-29, 2026, Paphos, Cyprus

BusEnv: A Multi-agent Reinforcement Learning Environment and
Benchmark for Urban Public Transportation

Wesley da Silva e Silva
Federal University of Bahia
Salvador, Brazil

Ricardo Araujo Rios
Federal University of Bahia
Salvador, Brazil

Rafael da Costa Fonseca
Federal University of Bahia
Salvador, Brazil

silvaw@ufba.br ricardoar@ufba.br r.fonseca@ufba.br
Sabarikirishwaran Léa Cassé Marcos Vinicius dos Santos
Ponnambalam Ul’liVel‘Sity of Waikato Ecole Ferreira
Griffith University Polytechnique Federal University of Bahia
Brisbane, Queensland, Australia Hamilton & Palaiseau, New Zealand Salvador, Brazil

sabarikirishwaran.ponnambalam@griffithuni.edu.au

& France

marcosvsf@ufba.br

casse.lea@gmail.com

Albert Bifet
University of Waikato
Hamilton, New Zealand
albert.bifet@waikato.ac.nz

ABSTRACT

Reinforcement learning (RL) offers a powerful paradigm for manag-
ing complex, dynamic transportation systems where autonomous
agents must adapt to uncertain and rapidly changing environments.
We present BusEnv, a benchmark environment grounded in real-
world data from the Salvador Urban Transportation Network, en-
compassing approximately 700,000 passengers, 2,000 vehicles, 400
lines, and 3,000 stops, collected between March 2024 and March
2025 at sub-minute resolution. BusEnv simulates realistic bus op-
erations with stochastic passenger demand, route-specific travel
times, and traffic-dependent variability, enabling controlled experi-
mentation under partially observable, high-dimensional conditions.
The reward function integrates multiple objectives, such as pas-
senger service quality, operational efficiency, maintenance adher-
ence, and sustainability, allowing the assessment of how different
RL algorithms balance these competing factors. We evaluate nine
baseline methods implemented in MARLIib, analyzing their conver-
gence, robustness, and environmental impact when deployed under
independent-learning conditions. Results show that PPO-based ap-
proaches achieve the highest stability and lowest energy waste, link-
ing algorithmic robustness to sustainability performance. By com-
bining data realism with reproducibility and extensibility, BusEnv
establishes a foundation for systematic research on learning-based
transport management and provides a scalable testbed for future
studies on cooperative, sustainability-aware reinforcement learn-
ing.

This work is licensed under a Creative Commons Attribution Inter-
BY national 4.0 License.
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1 INTRODUCTION

Most multiagent reinforcement learning (MARL) benchmarks cen-
ter on synthetic or game-based domains, for example the StarCraft
Multi-Agent Challenge (SMAC) [9, 16, 27] and Google Research
Football (GRF) [18, 31, 32], which have become standard testbeds
for evaluating cooperative and competitive strategies. Similarly,
frameworks such as EPyYMARL [26] and PyMARLzoo+ [25] expand
benchmark diversity through domains from PettingZoo [33]. While
useful for methodological progress and reproducibility, these do-
mains offer limited realism for applied decision-making, with short
horizons, handcrafted interactions, and dynamics far removed from
large-scale real-world operations.

As aresult, policies that perform well in these controlled settings
may not generalize reliably to domains where agents must act un-
der noisy, high-dimensional observations, dynamic constraints, and
human-driven uncertainty. The abstraction that makes synthetic
benchmarks tractable also limits their ecological validity, hinder-
ing the translation of algorithmic advances into applied systems
such as transportation, energy, or public infrastructure. Addressing
this limitation requires environments that preserve experimental
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rigor while capturing real-world stochasticity, scale, and hetero-
geneity, conditions that more closely mirror those faced in complex
operational networks.

To bridge this gap, we introduce BusEnv, a benchmark environ-
ment that combines the methodological consistency of existing
MARL frameworks with the realism of an urban public transporta-
tion system. BusEnv models a large-scale bus network where multi-
ple autonomous agents, representing vehicles, operate over realistic
routes, passenger flows, and traffic patterns derived from the Sal-
vador Urban Transportation System (SUNT). Each agent optimizes
a local policy under partial observability, interacting with a shared,
stochastic environment defined by route occupancy, passenger de-
mand, and travel conditions. The reward function integrates four
key objectives (service quality, operational efficiency, maintenance
adherence, and traffic regularity), capturing the multi-objective
nature of real-world transit control.

This formulation highlights key challenges of large-scale coop-
erative decision-making: partial observability, decentralized opti-
mization, and the trade-off between local autonomy and global
coordination. By modeling stochastic demand, resource constraints,
and heterogeneous spatial interactions, BusEnv enables evalua-
tion of MARL under realistic uncertainty. Unlike game-inspired
benchmarks, it provides interpretable transportation metrics, such
as headway regularity, occupancy balance, and energy consump-
tion—linking algorithmic behavior to real urban outcomes.

The analysis of BusEnv was conducted through an extensive
empirical study, evaluating nine state-of-the-art MARL algorithms
implemented in MARLIib [14, 15], including IPPO [8, 30], IA2C [15,
23], ITRPO [15, 28], MAA2C [26], COMA [10], MAPPO [37], MA-
TRPO [20], HAPPO [17], and HATRPO [17]. Results reveal dis-
tinct coordination regimes, where PPO-based centralized architec-
tures consistently outperform trust-region and purely decentralized
methods in both convergence and stability. Beyond classical reward-
based analysis, we incorporate sustainability indicators, including
total CO, emissions and energy efficiency, to quantify the envi-
ronmental footprint of each algorithm, demonstrating that policy
instability directly increases carbon intensity.

This work makes three main contributions:

(1) We present BusEnv, a data-driven MARL benchmark for ur-
ban public transportation that integrates real-world demand,
network topology, and stochastic passenger behavior at city
scale;

(2) We design a multi-objective reward function that operational-
izes service quality, efficiency, maintenance, and traffic reg-
ularity, enabling interpretable evaluation of system-level
trade-offs;

(3) We perform a comprehensive empirical study comparing
nine MARL algorithms, highlighting the robustness of PPO-
based centralized optimization and revealing the connection
between coordination quality and environmental sustain-
ability.

By coupling algorithmic evaluation with environmental impact
analysis, BusEnv advances MARL research beyond synthetic or
game-based scenarios, offering a reproducible and extensible testbed
for studying sustainable, data-driven public transportation manage-
ment.
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2 RELATED WORK

Recent studies have increasingly sought to bridge MARL with
real-world operational challenges. In the domain of infrastruc-
ture systems, IMP-MARL [19] addresses large-scale cooperative
maintenance planning, emphasizing scalability and coordination
across extensive agent populations. In the energy sector, Liu et
al. [22] propose a reinforcement learning framework that combines
Deep Deterministic Policy Gradient (DDPG) with action masking
and MILP-based policy guidance to manage continuous control in
vehicle-to-building (V2B) energy management. Using real-world
data from an electric vehicle manufacturer, their approach achieves
significant cost reductions while maintaining reliable energy sup-
ply, outperforming both heuristic and deep RL baselines. Similarly,
EnEnv 1.0 [3] introduces a benchmark for smart grid operations,
enabling the evaluation of multi-agent coordination and demand-
response strategies under realistic operational constraints.

Beyond energy systems, MARL has been applied to large-scale
distributed decision-making. Holder et al. [13] study sequential
assignment in domains such as satellite constellations and power
grids, learning assignment values from a greedy solver and inte-
grating them into distributed optimal assignment with theoreti-
cal guarantees. In embodied intelligence, Assistax [12] provides a
hardware-accelerated benchmark for human-robot coordination
using JAX [4]. In collective robotics, CraftEnv [38], implemented
in PyBullet [5], enables cooperative construction tasks and sup-
ports sim-to-real policy transfer, highlighting MARL’s potential for
swarm intelligence.

Despite these advances, a major gap remains: most MARL bench-
marks operate on synthetic or simplified environments, or approxi-
mate real-world systems through stylized simulations. They rarely
integrate large-scale, high-resolution data streams that capture the
stochasticity, heterogeneity, and spatial-temporal complexity of
urban mobility systems. BusEnv addresses this gap by providing a
benchmark grounded in real passenger demand, traffic conditions,
and vehicle operations from a major metropolitan network. By com-
bining reproducibility with real-world data realism, it enables the
systematic evaluation of MARL algorithms in a domain that is both
practically relevant and methodologically rigorous for intelligent
public transportation management.

Beyond advancing MARL research, BusEnv can be used to simu-
late real-world operational strategies such as headway-based hold-
ing [2, 7], skip-stop service [11], and schedule-based dispatch [1],
which aim to improve reliability and reduce passenger waiting
times.

3 URBAN PUBLIC TRANSPORTATION
BENCHMARK

3.1 Preliminaries

The dataset used in our environment was collected in Salvador,
one of the largest cities in Brazil, from March 2024 to March 2025
at subminute resolution. It covers about 700,000 passengers and
approximately 2,000 vehicles operating across nearly 400 lines, con-
necting almost 3,000 stops and stations. As illustrated in Figure 1(a),
the dataset includes all available transportation modes: regular
buses, subway, and BRT, a bus system operating in dedicated lanes.
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Figure 1: Visualization of the integrated public transporta-
tion network of the metropolitan region of Salvador. In (a),
bus stops (black), BRT stations (blue), and subway stations
(pink) are shown. In (b), the road network covered by public
transportation is displayed.

Unlike other public transportation studies, our dataset provides
comprehensive details on city dynamics, including each passenger’s
origin and destination, the number of passengers traveling along
routes connecting stops and stations (Figure 1(b)), boarding and
alighting counts at each stop or station, and the time and speed of
each vehicle between stops and stations.

Formally, the dataset is represented as a spatial-temporal graph
G ={G1,Gy, ...,Gr}, YVt ={1, ..., T}, in which G; = (V, E) stands for
an attributed and directed graph at time ¢, where V = {01, 0y, ...,on }
is the set of N vertices corresponding to the bus stops and stations,
and E is the set of edges corresponding to feasible routes. A directed
edge (v;, Uj) € E connects vertices v;,0; € V if, and only if, there is
a feasible route for the bus traffic from the corresponding station
v; to v; in the network. G; is a fixed graph structure since sets V
and E do not change over time.

In our world representation, each passenger p,, € P is associated
with a set of trips Tk = (0mk, dmk), Wwhere oy,k, dmk € V denote
origin and destination vertices on the graph in their k-th trip. Each
vehicle b, € B carries, at trip [, a passenger subset p,(I) € P and, for
each traversed edge (i, j) € E, records attributes including distance
d;j(1), mean velocity 3;;(1), travel time 7;;(), and passenger count

[pn (D]
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3.2 Environment formulation

Based on the previously described system, we formulate the public
transportation network as a multi-agent reinforcement learning
(MARL) environment, where buses are modeled as autonomous
agents capable of independent decision-making within a shared
urban network. Although the full formulation supports coordina-
tion and inter-agent dependencies, in this study we evaluate the
environment under independent-learning conditions, where each
agent optimizes its policy based on local information and shared
rewards.

A multi-agent perspective remains essential in this domain, since
in realistic operations each vehicle indirectly influences others
through shared traffic conditions and passenger demand. BusEnv
therefore provides the structure necessary to study both indepen-
dent and coordinated control strategies, depending on the cho-
sen training configuration. We formalize the bus network control
problem as a Decentralized Partially Observable Markov Decision
Process (Dec-POMDP) [24], defined by the tuple

(5,Z,U,n,O,R P,y),

where n agents (buses) simultaneously choose actions at every time
step t.

State space (S). The global state s; € S encodes the configuration
of the transportation system at time . It is derived from the spatio-
temporal graph G; = (V, E) introduced in the preliminaries, and
includes: (i) vehicle positions and operational status, (ii) passenger
demand across stops and stations, (iii) current occupancy levels,
and (iv) traffic conditions such as travel times and velocities along
edges.

Observation space (Z) and observation function (O). Each
bus a € {1,..,n} receives a local observation of € Z obtained
through the observation function O : S x {1,.,n} — Z. Since
the underlying system is represented as a spatio-temporal graph
G; = (V,E), observations are extracted from attributes associated
with the vehicle b, and its current edge traversal (v;,v;) € E. The
observation vector includes:

e avg_travel_timesp: estimated travel time between reference
stops A and B, computed from 7;;(I) and 9;;(I) along tra-
versed edges;

o future_demandp: predicted number of passengers expected
to board at stop B, inferred from historical origin—destination
pairs Tk and boarding/alighting counts;

e occupancy_rate: proportion of seats in use, obtained from
the current passenger subset p,(I) C P carried by bus bg;

o uptime_normalized: normalized availability of the bus, de-
rived from operational attributes such as fuel level and main-
tenance status.

These localized signals are consistent with the graph-based rep-
resentation of the network: vertices provide access to demand in-
formation, edges capture travel dynamics, and vehicles record pas-
senger and operational states. Together, they reflect the fact that
agents perceive only partial information about the global system
state.

Action space (U). Each agent a has a discrete action space
U? = {WAIT,MOVE, SERVICE_CENTER}. The joint action space is U =
Ul X ... x U™. Actions are defined as:
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e WAIT: hold position before departing to the next stop, which
may improve headway regularity and reduce bus clustering;

e MOVE: proceed to the next stop along the predefined route;

e SERVICE_CENTER: divert to maintenance facilities in case of
low fuel or mechanical issues.

Transition function (P). Given a state s, and joint action u; €
U, the transition function P(s;+1]ss, ;) models the stochastic evo-
lution of the system, accounting for traffic conditions, passenger
flows, and vehicle interactions.

Reward Function Design (R). After each transition, the envi-
ronment provides a shared global reward signal, integrating four
objectives that reflect system-level performance:

e Passenger service quality: reduced waiting times, satisfied
demand, and regular service;

o Operational efficiency: balanced occupancy and avoidance of
overcrowding or underutilization;

o Maintenance and fuel management: penalties for ignoring
operational constraints such as low fuel or technical issues;

o Traffic flow and regularity: penalties for bus bunching, idle
times, and inefficient integration with road traffic.

Formally, for agent a at time ¢, we define:
ri = a1q? + azef + asmi + aycf,
where q¢ denotes service quality, ef efficiency, m{ maintenance
adherence, and c{ represents traffic regularity and network-level
stability with oy representing tunable weights.

Reinforcement Learning Training. Each agent a follows a
policy 7%(uf|r?, 0#) that maps its history ¢ € (Z x U)'"! and
current observation of into a distribution over actions u{. The joint
policy is 7 = (1, ..., 7). The cumulative discounted reward is:

T-1
R = Z yerk, y € [0,1).
k=0
The goal of the agents is to learn the optimal joint policy

" =argmax E[Ry | 7],
T

which maximizes the expected cumulative return across an episode.

In this formulation, reinforcement learning training aims to ac-
quire policies that maximize long-term cumulative rewards over
the course of an episode, rather than optimizing for immediate
gains. In the present study, we adopt an independent-learning base-
line, where each policy 7¢ is trained without parameter sharing or
explicit communication among agents. This configuration isolates
algorithmic stability and robustness under stochastic conditions,
serving as a controlled foundation for future experiments that will
incorporate explicit coordination and shared learning mechanisms.
The following section details the experimental setup and the algo-
rithms evaluated within this benchmark.

4 EXPERIMENTS
4.1 Computational Setup

BusEnv integrates seamlessly with established MARL ecosystems,
providing standardized APIs and wrappers for interoperability. It
adopts Gymnasium [35, 36] as the base API, extends compatibility
through PettingZoo [33] for multi-agent interactions, and leverages
SuperSuit [34] for preprocessing and environment wrappers. On
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top of this foundation, BusEnv supports MARLIib [14, 15], a high-
level multi-agent reinforcement learning library built over Ray
RLIib [21], enabling distributed and scalable training of diverse
MARL algorithms.

Evaluation protocol. In our experimental configuration, bus
agents were deployed within the environment without explicit pol-
icy sharing or inter-agent communication. Each bus acted as an
independent learner, receiving local observations and optimizing its
policy based solely on individual experience, while contributing to a
shared team reward signal. This setup isolates algorithmic stability
and robustness under stochastic transport conditions, allowing a
controlled comparison of learning dynamics before introducing ex-
plicit coordination mechanisms. Although this configuration does
not yet capture full cooperative behavior, it provides an essential
baseline for understanding how independent learners adapt to par-
tially observable, high-variance environments such as urban bus
networks. Each episode corresponds to one operational day derived
from real SUNT data, including route topology, stop sequences,
passenger demand, and traffic patterns. We evaluate several MARL
algorithms from MARLIib under this independent-learning regime,
maintaining consistent hyperparameters and reward design across
agents. The system scales to hundreds of agents in parallel through
Ray’s distributed architecture, ensuring reproducible large-scale
experiments.

Hyperparameters. The hyperparameter configurations were
grouped according to shared design characteristics. IA2C, COMA,
and MAA2C adopt identical settings with Generalized Advantage
Estimation (use_gae = TRUE), lambda = 1.0, vf_loss_coeff =
1.0, and batches of ten episodes using the truncate_episodes mode.
Their learning rate is 1r = 0.0005 with entropy_coeff = 0.01,
forming a minimal setup without clipping or Kullback-Leibler (KL)
regularization. IPPO and MAPPO extend this baseline by intro-
ducing divergence control (kl1_coeff = @.2), multiple gradient
updates (num_sgd_iter = 5), and policy clipping (clip_param =
0.3, vf_clip_param = 10.0) while preserving the same learning
rate and entropy coeflicient, promoting stability and exploration
balance.

HATRPO, ITRPO, and MATRPO focus on trust-region optimiza-
tion, sharing parameters such as gamma = .99, kl_coeff =
0.2, and conservative constraints (k1_threshold 0.00001,
accept_ratio = @.5)with a smaller critic learning rate of 0. 00005.
HAPPO combines both proximal and trust-region principles, using
similar core parameters but with a smaller global learning rate (1r
0.0000005), higher critic rate (critic_lr = 0.05), and addi-
tional regularization (gain = 0.01, min_lr_schedule = 1e-11).
Overall, the configuration space evolves from simple independent
actor—critic setups to more complex and stable schemes emphasiz-
ing KL control and cautious policy updates.

Code and data repository: https://github.com/LabIA-UFBA/
BusEnv.

4.2 Baseline Methods for Benchmark Validation

To validate the proposed benchmark, we evaluate a diverse set
of baseline algorithms implemented in MARLIib [14, 15]. Because
the environment is modeled as a Decentralized Partially Observ-
able Markov Decision Process (Dec-POMDP), each agent observes
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only local information about the global state, intensifying the
non-stationarity typical of independent learners. This property
directly affects algorithms such as IPPO [8, 30], IA2C [15, 23],
and ITRPO [15, 28], which optimize policies individually with-
out centralized coordination. In contrast, methods based on cen-
tralized training with decentralized execution (CTDE), including
MAA2C [26], COMA [10], MAPPO [37], MATRPO [20], HAPPO,
and HATRPO [17], leverage a shared critic during training to sta-
bilize learning and mitigate non-stationarity, while preserving de-
centralized decision-making at execution time.

This distinction between independent and CTDE paradigms mo-
tivates our choice of baselines, enabling a systematic comparison
of their learning dynamics and robustness under the same partially
observable and stochastic conditions of BusEnv. Although some
of these methods, such as MAPPO and COMA, are designed for
centralized training, in this study all algorithms were evaluated
under the same independent-learning configuration described in
Section 4.1, without explicit information sharing or policy coupling
among agents.

Table 1 summarizes the evaluated algorithms by training para-
digm, optimization family, and policy scope, while Table 2 intro-
duces unified notation to enable consistent comparison of objec-
tives, critics, and update rules. All baselines are policy-gradient
methods, differing mainly in critic design, advantage estimation,
and stability mechanisms (e.g., clipping or trust regions). We briefly
describe each baseline and its key characteristics next.

Table 1: Baseline algorithms evaluated for validating the
proposed real-world multi-agent benchmark.

Algorithm  Paradigm Family Scope

IPPO Independent PPO Homogeneous
1A2C Independent Actor Critic Homogeneous
ITRPO Independent TRPO Homogeneous
MAA2C CTDE Actor Critic Homogeneous
COMA CTDE Actor Critic Homogeneous
MAPPO CTDE PPO Homogeneous
MATRPO CTDE TRPO Homogeneous
HAPPO CTDE PPO Heterogeneous
HATRPO CTDE TRPO Heterogeneous

Independent Proximal Policy Optimization (IPPO) extends
Proximal Policy Optimization (PPO) [30] to multi-agent settings
by training each agent independently under partial observability.
Each agent a updates its policy 75 (uf|of) using local observations
of and actions uf.

The critic Vg (0f) is trained to approximate the expected return
by minimizing:

T-1
Lv(§) =Be| (o) = R)’|. Re= Y v re ()
k=0

To evaluate how good an action u{ is compared to the critic’s
baseline, we estimate the advantage A;. Intuitively, A; measures
the relative benefit of taking action u{ at observation of, compared
to the average action suggested by the critic. A positive advantage
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Table 2: Notation used in baseline algorithms.

Symbol Definition

a€{l,...,n} Agentindex

of Local observation of agent a at time ¢
uf Action of agent a at time ¢

St Global state at time ¢

Uy Joint action of all agents

e Reward at time ¢

R, Discounted return, ZL_Ol Yoree

Y Discount factor

T Trajectory of (of, uf, r;)

g Policy of agent a, parameters 0

”gold Previous policy

Vg (0f) Local value function (critic)

Vi (51, uy) Centralized value function (CTDE)
Q(sp, uy) Centralized joint action—value

A, Advantage estimate (Eq. (2))

A¢ Counterfactual advantage (Eq. (7))

A GAE parameter (bias—variance trade-off)
p:(0) Importance ratio

€ PPO clipping threshold
Dx1. Kullback-Leibler divergence
é Trust region threshold (TRPO)

means the action performed better than expected; a negative one
means it performed worse.
Generalized Advantage Estimation (GAE) [29] is commonly used:
A=Y (N St 8 =10+ yVg(0fy) = Vplof),  (2)
1=0
where A balances bias and variance in the estimation.
The policy is optimized via the clipped surrogate objective:

L.(0) = Ef[min (pr(0)As, clip(p:(0),1- €1+ e)A,)], (3)

where p;(0) = % is the importance ratio.
Independent Advantage Actor—Critic (IA2C) is the inde-
pendent extension of A2C [23]. The critic follows the temporal-

difference (TD) loss:

Lv($) =Be| (Vy(00) = (e + 1V (o) @)
while the policy is optimized with the gradient:
VoJ () = .| Vo log xg (uflof) Ay (5)

Independent Trust Region Policy Optimization (ITRPO)
adapts TRPO [28] to independent training. The critic update follows
Eq. (4), while the policy update is formulated as:

méiX E, [p,(Q)A,], s.t. B, [DKL(irgold 1 ng)] <é. (6)

Multi-Agent Advantage Actor-Critic (MAA2C) extends A2C
to CTDE. Policies remain decentralized, but a centralized critic
Vi (ss, u;) replaces the local one in Eq. (5), improving coordination.
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Counterfactual Multi-Agent Policy Gradients (COMA) in-
troduces a counterfactual baseline for credit assignment. The cen-
tralized critic Q(s;, u;) estimates joint values, and the counterfactual
advantage is:

AL = Qstur) = ) 7 (W o) QCsr, W) (7)
a

The first term Q(s;, u;) reflects the joint value of the executed
action profile, while the second term is a baseline that averages
over all possible actions u’® of agent a, weighted by its current
policy 7% (u’?|0¢), with the other agents’ actions u; ® held fixed. This
formulation measures the marginal contribution of agent a’s actual
action compared to what would have happened had it sampled
according to its policy. By isolating each agent’s causal impact on
the team outcome, COMA improves gradient estimates, reduces
variance, and provides a principled solution to the credit assignment
problem in cooperative MARL.

Multi-Agent Proximal Policy Optimization (MAPPO) ex-
tends PPO to CTDE by leveraging a centralized critic Vi (s, ur)
for advantage estimation, while policies remain decentralized. The
surrogate objective follows Eq. (3), but the use of centralized infor-
mation in the critic stabilizes training in cooperative settings and
improves coordination across agents.

Multi-Agent Trust Region Policy Optimization (MATRPO)
extends TRPO to CTDE, combining the trust region update of
Eq. (6) with a centralized critic. Unlike MAPPO, which heuristi-
cally constrains updates via clipping, MATRPO enforces a strict
Kullback-Leibler divergence constraint on the policy step, yielding
more conservative updates.

Heterogeneous-Agent PPO (HAPPO) generalizes MAPPO to
heterogeneous agents, where each agent maintains a distinct pol-
icy mg. While critics remain centralized, the surrogate objective in
Eq. (3) is applied independently to each agent’s policy, allowing
specialization of behaviors. This makes HAPPO suitable for envi-
ronments where agents have asymmetric roles or action spaces,
while still benefiting from centralized training signals.

Heterogeneous-Agent TRPO (HATRPO) extends MATRPO
to the heterogeneous setting, combining distinct policies per agent
with the trust region constraint of Eq. (6). Each agent’s policy update
is restricted by its own Kullback-Leibler divergence bound, while
the centralized critic provides consistent advantage estimates across
agents. This combination preserves the monotonic improvement
guarantees of TRPO, while enabling agents with different roles or
dynamics to learn coordinated yet specialized behaviors.

4.3 Results

Figures 2 and 3, together with Table 3, jointly summarize the perfor-
mance of nine MARL algorithms in the BusEnv benchmark. Each
algorithm was trained under identical environmental conditions
using the same reward structure and agent configuration previously
described.

Learning dynamics. As illustrated in Figure 2, algorithms such
as IA2C, IPPO, ITRPO, MAA2C, MAPPO, and MATRPO exhibit
smooth and monotonic convergence, reaching normalized rewards
near 1.0 within fewer than 2 x 10° training steps. This behavior
indicates that, even under independent-learning conditions, these
methods can efficiently adapt to the stochastic fluctuations of the
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transport environment and achieve stable policy updates. In con-
trast, COMA and HAPPO display unstable or stagnant learning pat-
terns: COMA initially improves but later oscillates, while HAPPO
remains nearly flat throughout training, failing to accumulate mean-
ingful reward. These patterns highlight the sensitivity of algorithms
that rely on centralized critics or trust-region constraints when ex-
plicit coordination signals are absent.

Figure 3 complements this view by revealing consistent pat-
terns in the compiled metrics of energy distribution and power
balance, showing that algorithms with smoother convergence also
yield more stable operational profiles at the system level. Thus, the
observed differences primarily reflect each algorithm’s ability to
maintain robustness and efficiency under partially observable, non-
stationary dynamics rather than explicit inter-agent cooperation.

Quantitative comparison. Each MARL algorithm was trained
for 400,000 timesteps over 50 independent runs. The final average
reward was obtained by averaging the episodic rewards from the
last evaluation window, while the Area Under the Curve (AUC) was
computed from the normalized reward curve across training. These
metrics jointly capture converged performance, learning efficiency,
and training stability, with results reported as mean + standard
deviation across runs.

The numerical results (Table 3) reinforce the visual trends. MAPPO
achieved the highest final reward (75.31+0.00) and the largest AUC
(0.924), confirming its superior stability and consistent gradient
updates under stochastic conditions. IPPO follows closely with an
AUC of 0.917, though its slightly lower final reward suggests faster
early adaptation but a more limited asymptotic performance.

Algorithms such as IA2C, MAA2C, ITRPO, and MATRPO cluster
tightly around rewards ~ 73-77 and AUC ~ 0.87-0.89, reflecting
stable yet slightly slower convergence across runs. By contrast,
HATRPO exhibits large variance (+15.43) and an intermediate AUC
(0.79), while COMA and especially HAPPO yield negative rewards
and very low AUC values (0.70 and 0.18, respectively), indicat-
ing severe training instability and failure to adapt reliably under
independent-learning conditions.

Table 3: Final average reward and AUC across runs for each
MARL algorithm.

Algorithm Final Reward AUC
COMA -73.69 £2.17  0.704
HAPPO —506.84 +1.25 0.183
HATRPO —2.53+1543 0.794
[1A2C 71.28 £0.15 0.871
IPPO 69.45 £ 0.00 0.917
ITRPO 77.16 £ 0.00 0.883
MAA2C 77.41 £ 0.24 0.879
MAPPO 75.31 £0.00 0.924
MATRPO 73.95 £ 0.00 0.887

Sustainability Footprint. Figure 3(a—c) shows that unstable
learning dynamics substantially increase CO; emissions and energy
consumption, leading to non-robust, sub-optimal control policies
misaligned with Green AI principles. High-variance algorithms
such as COMA and HAPPO exhibit the largest environmental costs,
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Figure 2: Average episode reward across different MARL algorithms in the BusEnv benchmark. Each subplot shows the
episode_reward_mean curve during training, highlighting convergence trends and stability.

indicating that instability in policy optimization directly trans-
lates into operational energy waste and higher carbon intensity,
underscoring robustness as a key requirement for sustainable per-
formance. Such results were obtained using the CodeCarbon [6]
tool.

General Discussion. These findings highlight the robustness
of PPO-based architectures in multi-agent reinforcement learning,
even under independent-learning conditions. Algorithms such as
MAPPO outperform other policy-gradient and trust-region meth-
ods by effectively stabilizing updates and maintaining consistent
gradient flow under partial observability. Similarly, actor-critic vari-
ants such as IA2C and MAA2C remain competitive, indicating that
their value-based guidance mechanisms can sustain learning sta-
bility in stochastic, high-dimensional environments. In contrast,
algorithms relying on heavy trust-region constraints, such as HA-
TRPO and HAPPO, appear overly conservative and struggle to
adapt to the non-stationary dynamics of BusEnv. The combined
evidence from learning curves and summary statistics suggests that
PPO-based optimization provides the best compromise between
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convergence speed, final performance, and resilience to environ-
mental stochasticity. Moreover, the consistent energy and emission
profiles observed in Figure 3 indicate that stable policies not only
maximize cumulative reward but also promote sustainable opera-
tional behavior, reducing unnecessary variability and energy waste.
This relationship between algorithmic stability and environmen-
tal efficiency reinforces the role of robustness as a key driver for
sustainability-aware reinforcement learning in real-world transport
systems.

Interpretation in transportation context. The differences
observed in Table 3 can be directly explained by the multi-objective
structure of the reward function R. Since R combines positive in-
centives (service quality and operational efficiency) with negative
penalties (maintenance violations, congestion, and excessive idling),
the cumulative return of each algorithm reflects its ability to balance
these competing factors over time. Algorithms that consistently
minimize penalty components while maximizing service-related
terms (e.g., MAPPO, IA2C, and MAA2C) achieve high and stable
positive rewards, indicating robust adaptation to the stochastic
conditions of the transport environment. Their training dynamics
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Figure 3: Comparison of the environmental and energetic
outcomes across the evaluated MARL algorithms, emphasiz-
ing the impact of policy instability.

promote smoother gradient updates and better value estimation,
allowing each independent agent to sustain efficient operational be-
havior without repeatedly violating the environment’s operational
constraints.

In contrast, algorithms such as COMA, HATRPO, and HAPPO
accumulate substantially negative rewards. Despite their strong
theoretical underpinnings, these methods tend to amplify the
penalty terms embedded in the reward function when applied under
independent-learning conditions. Instabilities in value estimation
(in COMA) or excessive conservatism and imprecise updates within
trust-region frameworks (in HATRPO and HAPPO) lead to erratic
or inefficient control patterns. In a transit setting, this behavior can
manifest as undesirable operational actions such as simultaneous
departures, prolonged idling, or route-level congestion, conditions
that trigger large penalties and degrade overall system efficiency.
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Consequently, negative cumulative rewards correspond to severe
inefficiencies analogous to bus bunching, missed service opportu-
nities, and unnecessary energy waste.

This outcome reinforces that effective algorithms must go be-
yond optimizing convergence speed or variance reduction: they
must balance the intrinsic trade-offs encoded in R to remain stable
under stochastic disturbances. Achieving positive final rewards
thus reflects the capacity to internalize operational objectives such
as maintaining service regularity, balancing occupancy, and respect-
ing maintenance limits, even in the absence of explicit inter-agent
communication. Conversely, persistent negative rewards reveal
instability in policy optimization and poor resilience to the non-
stationary dynamics that characterize real-world urban transport
systems.

5 CONCLUSION

The diversity of learning behaviors observed across algorithms
validates BusEnv as a comprehensive benchmark for evaluating
robustness and adaptability in reinforcement learning for public
transport systems. Its detailed spatio-temporal representation and
stochastic passenger flows expose the strengths and limitations
of MARL methods when applied to dynamic, data-driven envi-
ronments. By combining real operational data with reproducible
experimental settings, BusEnv enables systematic analysis of algo-
rithmic stability, sensitivity to stochasticity, and overall resilience
in decision-making. Furthermore, the environment was designed
to support extensibility, facilitating the future integration of ex-
plicit inter-agent communication, shared critics, and hybrid control
strategies such as transfer-point reinforcement, adaptive energy al-
location, and demand-responsive dispatching. This flexibility estab-
lishes BusEnv not only as a benchmark for algorithmic comparison
but also as a testbed for innovation in data-driven urban mobility
planning.

The stable convergence of algorithms such as MAPPO, together
with the interpretability of their learned dynamics and the efficiency
of their computational behavior, provides strong evidence that rein-
forcement learning can contribute to the broader goals of Green Al
Within the BusEnv framework, the derived policies demonstrate
that learning processes can be optimized not only for performance
but also for energy-efficient and resource-aware operation. This
connection between algorithmic stability and environmental effi-
ciency reinforces the value of BusEnv as a platform for studying how
sustainability-oriented principles can be systematically integrated
into large-scale reinforcement learning research. Future work will
extend these findings by incorporating cooperative settings and
collective optimization, enabling a deeper exploration of emergent
coordination and its impact on sustainable urban transport systems.
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