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Abstract. Autonomous Vehicles (AVs) operating in multi-agent urban
environments face complex navigation challenges, as each must pursue
its own objectives while continuously interacting with others. Recent
Multi-Agent Reinforcement Learning (MARL) approaches have shown
encouraging progress in cooperative decision-making, but they often lead
to unsafe driving behaviors and lack modularity and interpretability. To
address these limitations, we introduce MACHS3, a fully decentralized
Multi-Agent Cooperative Hierarchical Reinforcement Learning architec-
ture, in which each agent operates solely based on local observations
while enabling implicit coordination through learned policies. MACH3
decomposes AV navigation into three layers: a high-level cooperative
MARL policy capturing global inter-vehicle interactions, a middle-level
planner generating feasible trajectories, and a low-level controller respon-
sible for accurate motion control. Experiments in urban driving scenarios
demonstrate that MACH3 outperforms state-of-the-art methods in terms
of success rate, performance, and driving comfort, while maintaining flex-
ibility and robustness through its modular and decentralized design.

Keywords: Multi-Vehicle Autonomous Driving - Multi-Agent Reinforce-
ment Learning - Multi-Agent System - Hierarchical Control.

1 Introduction

Autonomous Vehicles (AVs) have emerged as a popular topic in robotics and
artificial intelligence research due to their potential to improve safety, enhance
traffic efficiency, and support future transportation systems. A core challenge in
the AV domain remains navigation, a hierarchical process that integrates deci-
sion making, motion planning, and vehicle control to ensure safe and efficient
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Fig. 1. Overview of MACH3. Each agent receives individual observations, and processes
them through a hierarchical pipeline. The high-level layer selects a waypoint based on
long-term objectives and cooperation with other vehicles, specifying target lane and
desired speed; the middle-level layer generates a feasible trajectory; and the low-level
layer ensures its tracking to produce the final control actions.

movement toward designated goals [1]. Traditional approaches, typically based
on rule-based heuristics and predefined behavior strategies [2]|, offer high reli-
ability in standardized scenarios, but struggle in dynamic traffic environments
due to limited adaptability to unpredictable interactions. In contrast, Reinforce-
ment Learning (RL) enables AVs to learn adaptive control policies directly from
interaction data [3]. However, End-to-End (E2E) RL frameworks often lack in-
terpretability and reliable, accurate control in multi-agent environments.
Although significant progress has been made in allowing individual vehi-
cles to perceive their environment and navigate using single-agent RL, existing
methods [4] fall short in Multi-Agent Self-Driving (MASD) scenarios [5], where
multiple AVs must operate in a fully decentralized manner, relying only on lo-
cal observations, and coordinate in complex urban road networks with multiple
lanes (see Fig. 1). In MASD settings, the complexity of vehicle interactions grows
dramatically, as each AV must not only pursue its own objectives, but also coop-
erate with other agents to ensure efficient traffic. Hence, researchers have turned
to Multi-Agent Reinforcement Learning (MARL) [6], which has proven effective
in fostering cooperation and coordination among agents. For instance, Coor-
dinated Policy Optimization (CoPO) [5] introduces learnable local coordination
factors combined with meta-gradient learning, but provides limited interpretabil-
ity of inter-agent interactions. Traffic Coordinator Network (TraCo) [7] leverages
cross-attention and counterfactual advantage functions to better estimate each
agent’s contribution to its neighborhood, yet remains limited to local interac-
tions. Similarly, Socially-Attentive Policy Optimization (SAPO) [8] employs a
self-attention mechanism to model pairwise interactions, but mainly focuses on
the most relevant neighbor and fails to capture global dynamics among all agents.
To the best of the authors’ knowledge, most learning-based MASD frame-
works adopt E2E MARL architectures [9], mapping sensor data, ego-vehicle
states, and navigation inputs directly to control commands while jointly han-
dling decision-making and motion control. Despite promising results, E2E ap-
proaches [10] often produce low-quality driving behaviors, such as oscillatory
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trajectories and jittery throttle-brake actions, and lack modularity and inter-
pretability.

To address the above challenges, we propose a novel fully decentralized multi-
agent framework grounded in Hierarchical Reinforcement Learning (HRL) [11],
motivated by recent single-agent approaches, such as Continuous-Lattice (Cola)-
HRL [12] and State-based Safety Enhancement via HRL (Safari) [13], which
demonstrates its effectiveness in separating high-level decision-making from low-
level control. We introduce MACH3, a Multi-Agent Cooperative Hierarchical RL
architecture that overcomes the limitations of purely E2E MARL approaches by
enabling both strategic adaptability and reliable motion control. MACH3 de-
composes AV navigation into three layers: high-level cooperation, middle-level
motion planning, and low-level motion tracking. Our high-level layer (HLL) em-
ploys a cooperative RL policy for strategic decisions, including waypoint selection
and maneuver planning, while a Graph Attention Network (GAT) [14] captures
global inter-vehicle dependencies to enhance coordination. The middle-level layer
(MLL) relies on the sampling-based trajectory planner FRENETIX [15] to gen-
erate feasible and consistent trajectories aligned with high-level decisions. The
low-level layer (LLL) ensures accurate execution through trajectory tracking.
Results show that MACH3 outperforms state-of-the-art E2E MARL methods
in task success rate, traffic performance, and driving comfort under complex
scenarios. Our modular architecture improves interpretability and supports in-
tegration or modification of individual components, enhancing adaptability while
preserving a fully decentralized execution paradigm.

2 Background

2.1 Multi-Agent Navigation Problem

We consider an urban multi-lane road network where multiple AVs navigate to-
ward assigned destinations under decentralized control. Each agent selects driv-
ing behaviors (e.g., lane changes or speed adaptation) based on its state and
local observations, including LiDAR and road-edge sensing. The goal is to min-
imize travel times, while maximizing success rate, i.e., reaching the destination
safely by avoiding collisions, while also ensuring a smooth and comfortable ride.

We formulate the multi-agent navigation problem as a Macro-action Decen-
tralized Partially Observable Markov Decision Process (MacDec-POMDP) [16].
Let MV :={1,..., N} be the set of N agents. At each time step ¢, let us consider
the subset of active agents indexed by i € N, := {1,...,N;} C N, where N,
is the number of active agents, i.e., the AVs currently operating in the selected
urban environment. Each agent i € N; enters the environment at its designated
entry time step, denoted by ¢}. Agents do not have direct access to the com-
plete environment state S, := {s;;}ien, € S, where S is the global state space
and Sit = [zi,fm Yits 197;7“ S.Ci,t, yi,t; 15’1'7,5, i’i,ty yi,ta 1§i7t}T ERQ is the state of the agent
i € Ny active at time step ¢. Here, x; 1, ¥+, and ¥;; denote the vehicle’s linear
and angular positions along the z—y axes, @, Ui+, and 19” its linear and an-
gular velocities, and #; ¢, ¥+, and 19” its linear and angular accelerations. All
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quantities are expressed in the global frame, with the z- and y-axes aligned to
the environment layout. Without access to S;, each agent ¢ € N; instead receives
a local observation o, ; through the observation function o0;; = Z;(S;) : S — O,
with O the observation space.

Each agent i € N; selects a macro-action U; k; € U; from the macro-action
space U; at the beginning of its k;-th planning interval, where k; € {1,..., K;}
and K; is the total number of macro-actions executed while the agent is active.
Each planning interval spans D consecutive time steps, over which the chosen
macro-action u; i, remains fixed. Specifically, at time step t; », = k; D +1}, agent
i € N selects the macro-action U, k, based on the current observation o; 1, = 0; ¢,
with ¢ = ¢; j,. The joint macro-action U, := {u; k, }ien, C U is defined as the set
of macro-actions of the active agents at time step t, where U denotes the joint
macro-action space. For the sake of notation clarity, we will omit the agent index
1 throughout the manuscript whenever its inclusion is not strictly necessary.

The macro-action u; € U; for the active agent ¢ € N; is performed over
t € [tik, tig + D — 1], throughout which a sequence of primitive actions is
generated by a LLL policy: a;; = f(ui k), ¥t € [tik, tix+D—1]. The execution
of the joint action A; := {a;.}ien, € A, where A denotes the joint primitive
action space, induces a state transition via the transition function P(Si11 |
Sy, At). Subsequently, each active agent i € N; receives an individual reward
rz{t = R(S:, Ar), with R representing the reward function. Finally, individual
rewards are accumulated by each agent ¢ € N; over its k-th planning interval as
R;k = i;’ka_l Tl{t, corresponding to the selected macro-action u; . Finally,
po and v denote the initial state distribution and the discount factor, respectively.

With all components defined, we represent the MacDec-POMDP as the tuple
M=(N,8,0,Z,U,AP,R,po,7)-

Given the macro-control policy 7;, parameterized by 6;, the individual ob-
jective for agent i € N; is defined as the expected discounted return J;(6;) =

E[Zf;’lv’“}ﬂ,k]. The global objective is expressed as JZ(6;) = E[Zf;’l Rfk},

. tik+D—1 Sien, T
where the global average reward is given by Ry, = il %

The overall objective for each agent i € N; is defined as: J(6;) = JI(6;) +
w9 JE(0;), where w® is a weighting factor that balances the contribution of the
global objective relative to the individual objective.

2.2 FRENETIX Motion Planner

FRENETIX is a publicly available framework for generating kinematically fea-
sible trajectories [15]. Its modular design and sampling strategy make it suit-
able for real-time applications. The framework operates in the Frenet coordi-
nate frame, decoupling lateral and longitudinal motion with respect to a ref-
erence path I for each agent i € N;. Based on I}, the selected framework
can transform a global Cartesian frame state s;; into the corresponding Frenet
frame state n;; = F(s;:) through the coordinate transformation F', defined
in [15], and vice versa using s;; = F~1(n;;). The Frenet state 7, is defined
as 1, = [I/M,1'/1'7,5,ﬂi,t,di,t,di7t,Ji7t}T € R® where v;+, U4, and i ; denote the
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vehicle’s longitudinal position, speed, and acceleration, and d; ¢, CZM, and dlt
denote its lateral position, speed, and acceleration relative to the reference path
I';. Accordingly, FRENETIX computes the trajectory v;x = {(s],,m) | t €
[tiks-- -, tir + H|} in both Cartesian and Frenet frames over a planning hori-
zon H, with H > D to ensure sufficient look-ahead for decision-making and
planning. The superscript * denotes the nominal trajectory states s7, and n;,
employed for planning and model linearization.

To generate the trajectory v; 1, the framework operates through a structured
sequence of steps. Given the state s;, , of agent i € NV, its reference path I,
and a waypoint (df ,,2f,), FRENETIX first generates a discrete lattice GY © of
7 candidate trajectories %pa with p € {1,...,#@}. g¥ is constructed by
combining a predefined number of N? terminal time samples with a predefined
number of longitudinal terminal position samples N, resulting in a total of
w0 = N*N" candidate trajectories. Specifically, each wgg is uniquely defined
by a terminal time and a longitudinal terminal position, which are sampled
within their respective user-defined intervals, [t™® ¢maX] and [p™in, pymax],

Each candidate trajectory wii,) € ¥ is then rigorously evaluated to ensure
compliance with vehicle kinematic limitations and road boundaries constraints.
The feasible trajectories, denoted as ¢§173 with n € {1,..., %M}, are gathered into
the subset Q”’(l) - g”’(o) Finally, a user-defined total cost function is computed
for each feasible trajectory 1/)(1> € g’”“) and the trajectory with the lowest cost
is selected as the optimal solution Vi k-

3 Modular Architecture

To address the multi-agent navigation problem, we introduce MACH3, a decen-
tralized framework based on a modular architecture composed of three primary
layers: the HLL (see Section 3.1), the MLL (see Section 3.2), and the LLL (see
Section 3.3), each handling a different stage from strategic planning to motion
execution. The HLL is modeled as a MARL policy with an attention mechanism
to enable cooperation and guide downstream decision-making. At the start of
the k-th planning interval for agent ¢ € N;, the HLL receives the observation
0 k and generates a macro-action u; i, subsequently converted into a Waypoint
()\Z ko Vi, k) specifying a desired lane )\f , and a target longitudinal speed Vz -
The MLL uses the FRENETIX planner to generate a feasible trajectory wl k
connecting the current state s;;, , to the waypoint. The LLL then tracks );
over t € [t;k,tix + D — 1], producing control actions a;; = (d; 4, Xi,t), cOrre-
sponding to steering and throttle, ensuring accurate execution.

3.1 High-Level Layer

RL Components

Observation: Inspired by [17], we define the observation as follows. At the be-
ginning of the k-th planning interval, the agent i € N receives its observation
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0ix, € R, composed of three components: ego-state vector of , € R?, navigation-
related vector o} g € R'2, and LiDAR-based perception vector o} ik € R72. The
ego-state vector of ;. encodes the vehicle’s current configuration, 1nclud1ng lateral
distances to road boundarleb7 relative heading to the road tangent, longitudinal
and lateral velocities, steering angle, yaw rate, last executed macro- action and
lateral offset from the lane centerline. The nav1gatlon—re1ated vector o}, pro-
vides road geometry and lane topology, e.g., the number of available lanes on
each side, the curvature and relative orientation of the current and upcoming
road segments. Finally, the LIDAR-based vector o} i), captures the positions and
relative distances of obstacles within the vehicle’s ﬁeld of view.

Macro-Action: A macro-action u;, = [u ;\,k, u?, )T € [0,1]> C R? consists of
two dimensional continuous signals. This vector is subsequently transformed into
the desired waypoint ()\f > 1/1f ) that the ego vehicle aims to reach. Specifically,

u;\ . is mapped to the selected lane index )\a i as follows:

-1, ifu}y <1/3

M= +40, if1/3<ud, <2/3,
+1, ifu}y, >2/3

where A7, is the index of the current lane occupied by the vehicle. Similarly,
u; . is mapped to the desired longitudinal speed u k= UMy at the end of
the trajectory generated by the MLL (as will be detalled in Section 3.2). Here,
U™ represents the maximum longitudinal speed.

Reward: Our individual reward function combines three dense components and
a sparse terminal reward: rll-)t = r?)t +e it r%)t + 7%, where the driv-
ing reward is calculated as rfl,t = Vi — Vit—1, with v;; and v; ;1 denoting the
longitudinal positions of the vehicle on the current lane A{ at two consecutive
time steps. The speed reward 77 ; is calculated by normalizing the current vehicle

speed |7k |. Instead, the lateral reward rj, = —|d; —d; 1] is based on the ab-
solute value of the lateral offset, penalizing lateral deviations, and stabilizing the
lane selection behavior. The termination reward r* comprises sparse components
reflecting the episode outcome: %" = 10 for successfully reaching the goal, and
penalties r°% = —10 for leaving the drivable area, r*® = —10 for generating
an unfeasible waypoint, and r°°! = —10 for collisions. The total reward is then

weighted using predefined factors ¢; = ¢o = ¢3 = 0.2 following [17].

Cooperative MARL Architecture

The proposed cooperative Multi-Agent Reinforcement Learning (MARL) archi-
tecture extends Twin Delayed Deep Deterministic Policy Gradient (TD3) [18] un-
der the centralized training with decentralized execution (CTDE) [19] paradigm
by introducing a centralized global critic enhanced with a Graph Attention Net-
work (GAT) to model inter-agent interactions. A local critic estimates individ-
ual Q-values from local observations, while the global critic captures cooperative
behavior using privileged information. The actor is trained from both signals,
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combining individual and cooperative objectives. Parameter sharing further im-
proves training efficiency while enabling decentralized execution.

The training process relies on the experience buffer B, which stores the tran-
sition tuples b, = (oi,k,0i7k+17R;,wng7uk,uk+1,8k,8k+1,Q,k) for the k-th
planning interval of the agent 7 € N;. Here, we denote the joint macro-action and
global state at the beginning of the k-th planning interval as: Uy, := U, Sk :=
S, with ¢ = t; 5. (& is a binary mask indicating whether agent ¢ € AV, is in a
terminal state at the planning step k.

During training, transitions sampled from B are used to update both indi-
vidual and global critic parameters 6. The local critics, parameterized by ¢} and
@5, follow the TD3 algorithm [20], which employs double Q-learning and delayed
policy updates to mitigate overestimation bias. They are optimized by minimiz-
ing the MSE between estimated and target individual Q-values, calculated as:

2
L@hB)= & [(Qulonnusn—iki) | e, )
b x~B l

where y% . denotes the target individual value computed with the smoothed
target policy and the minimum of the individual Q-values from the target local
critic networks: yllk = R;k + (1 — G ) ming—q o Qdﬁ' varg (07 k115 Wi kt1)-

The macro-action used to construct the Q-learning targets is generated by

tar,

the target policy 7 = with additive noise € ~ Normal(0,), where o is the
standard deviation, and the noise is clipped within the range ¢. The resulting

action is computed as u; +1 = clip (wemg (04 k+1)+clip(e, —¢, ), ulov, uhigh) .
Similarly, the global centralized critics are trained by minimizing the MSE
between estimated and target global Q-values:

L6F B) = B [(@up(ons, U, 1) —ui)*] VL€ 1,2), (2)
where yfk is the target global value computed using the smoothed target policy
and the minimum of the Q-values from the target centralized global critic net-
works, namely yle :Rsk+'y(1— Cik) minl:172Q¢le varg (Of k41, Sk+1, Uk41), where
each element of the joint macro-action Uy is computed following the same
procedure as in the local critic.

The actor network is trained to maximize the expected return by updating the
policy to increase Q-values, jointly optimizing both local and global components:

L(0,B)= ~E, [Q¢11 (05,00, 7 (05.1)) + w© (Q¢§; (oi,k,we(oi,k),Sk,U\M)) ] (3)

where Q¢11 () and Q¢§;(-) represent the individual navigation and the global

cooperative objective, respectively. Here, U\; ;. denotes the joint macro-action of
all agents excluding agent i € N; at the beginning of its planning step k. The
target networks of local and global critics, and the actor are updated according
to 0318 < (1 — 1) 0*¥18 4+ 70, where T controls the update rate.

The global critic network is employed to estimate each global Q-values Q¢1G
and its targets, by integrating the joint state S and the joint macro action Uy,
to capture dependencies and complex interactions in multi-agent scenarios.
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To this end, we include a GAT [14], a commonly adopted design in prior
multi-agent interaction modeling [21], which allows the ego agent i € N; to focus
on relevant active agents N;; C Ny, with ¢ = t; ;, aggregating their information
to capture critical interactions for the decision-making process. The GAT models
the system as a fully connected graph G; = (N, &), where N; is the set of nodes,
while & € N; xM; is the set of pairs of distinct nodes called edges with cardinality
E,. Each node m € N corresponds to an active agent and each edge (m,n) € &
is associated with an attention coefficient oy, ,, with n € N;.

To construct the GAT input, we first build the state-macro-action set F :=
{Smk || Wm k}men, by concatenating the joint state Sy and joint macro-action
Uy. BEach element sy, 1 || Um,x is then transformed by a two-layer Multilayer
Perceptron (MLP) with nonlinear activation functions into a higher-dimensional
node feature b’ = MLP (s ¢ || tm.x). The resulting feature set 1#© := {h{0}en,
serves as the input to the GAT. The GAT consists of two sequential attention lay-
ers, each computing attention coefficients and aggregating features along edges
(m,n). In the first layer, the coefficient 0452?”, indicating the relative importance
of agent n’s information to agent m, is computed as follows:

ag,??n =softmax; (LeakyReLU (qT [Wth? I Whilo)} )) , (4)

where W is a learnable weight matrix and ¢ a learnable attention vector. The
operator softmax;(-) normalizes the attention scores over all neighbors n of node
m into a probability distribution, and LeakyReLU(:) is a nonlinear activation
with a small negative slope that prevents neuron inactivity [22]. Once obtained,
the normalized attention coefficients are used to generate the updated feature

vector K By = ¢( 32 oY, WhY), where € is the ReLU function [22].
TLE.N},
The same GAT computation process is applied to the second GAT layer,
which takes H® = {h{} }men, as input, computes and normalizes the attention

scores ag,ll?n, and aggregates the features from the other nodes to produce the set

of output node features H®). From H(?, the feature vector hz(?) of the considered
agent ¢ € N} is extracted and employed to compute the target global Q-values
as Q,c. wars = MLP(h{®) || MLP(0:x)), I € {1,2}.

1

3.2 Middle-Level Layer

To efficiently guide the agent i € A; to the waypoint ()\fk,yfk) provided by
the HLL, it is crucial to employ a trajectory planning strategy that computes
a smooth and feasible trajectory ); . Formally, v;  connects the vehicle’s ini-
tial state sP = s;¢,, to a final state s{ that satisfies the waypoint constraints,
within a finite planning horizon H. Among the various trajectory planning ap-
proaches [9], we adopt the FRENETIX framework (see Section 2.2) within our
MACHS3 architecture due to its computational efficiency and its ability to gen-
erate feasible trajectories that comply with vehicle kinematic constraints.

To generate the trajectory ; i, FRENETIX takes as input the initial state
sP. the reference path I7, and the target waypoint ()\fkmsz) In this work,
I'; denotes the predefined reference centerline, i.e., the lane with index [A4/2],
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where A is the total number of lanes. To align with FRENETIX’s waypoint

representation, the desired lane index \f ik 1s converted to the corresponding lat-

* where w* denotes the lane width. Dur-
min pmax] hy imposing

By constraining the

eral coordinate: df , = (Af ,—[4])w
ing the sampling phase, we customize the interval [v/}
ypin — mln{ylk, pPHmin and ppex = max{uzk, ; }t"’ax
bounds through the current speed P and target speed yi’ > the sampling range
covers longitudinal distances reachable under uniform acceleration, while exclud-
ing infeasible trajectories.

Each candidate trajectory 1/1(0) S Qw is first evaluated for feasibility with re-
spect to vehicle kinematics and road boundaries. Then, to assess the feasible tra-
jectories 1/)(1) 6P we introduce the cost function Jior = t’:’;+f (Zisn,e — uf’k)Q—i-

t:’;j;H (disnt — dﬁyk)z. The first term enforces convergence toward the desired
longitudinal speed, while the second penalizes deviations from the target lateral
position. As a result, the MLL generates trajectories that rapidly converge to
the waypoint ()\Z k> z/f,k), ensuring alignment with HLL objectives and enabling
correct interpretation by the higher-level system. Thus, for the k-th planning
interval of agent ¢ € N, the MLL outputs the minimum-cost trajectory v x,
consisting of states s}, for t € [t; i, t; x+D—1], where ¢; ;, = arg mi%glgeg;“” Jor.

3.3 Low-Level Layer

Once the MLL computes the trajectory 1; ; for vehicle i € N;, the objective is
to track 1); , as accurately as possible. To this end, we adopt a Linear Quadratic
Regulator (LQR) [23], as it offers efficient solutions for linearized models, bal-
ancing tracking accuracy, simplicity, and computational cost. Given the tra-
jectory v; 1, the tracking problem consists of finding the optimal control vector
{ais|t € [ti g, ti s+ D—1]}, such that the tracking and the control errors are min-
imized. The system model is linearized around the nominal trajectory (s} ,,a;,),
where a}, = (67, X7 ;) = (0,0). Assuming that the prediction horizon and con-
trol horizon have the same length, denoted as NP = t; . +D —1, the optimization
problem for the k-th planning interval is formulated by introducing the cost func-
tion JN" = (si,n0 =%, x0) T Quo (si,v0 =85 x0) sy L [(Sin—570) T Qu(56n —5T0)+
(ain —aln) " Rulain —al,)], where Qo € R Q,, € R and R,, € R**? are
the final cost, the state cost, and input cost diagonal positive definite matrices
to be tuned. Note that the three terms in JV" present the final state deviation,
state deviation, and input size, respectively. Given the initial state s;,, ,, let
{agyIn € [tix, NP]} be the control sequence that minimizes the quadratic cost
function JV subject to the car-like model [24].

By iteratively solving the minimization problem with the cost function JV",
the state constraint [24], and the initial state s;;, ,, we obtain the optimal con-
trol law ain = Kn(Sijn — Sin) + Gin, YV € [tir, NP], and the corresponding s; ,
value. The feedback gain K, € R?*? is computed through the well-known Ric-
cati difference equations [23]. The process is repeated until convergence. Tracking
can also be performed using alternative methods depending on computational
resources and desired performance. Model Predictive Control [25] handles non-
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linear dynamics and complex constraints at the cost of higher computation, while
RL enables data-driven strategies that enhance adaptability and robustness.

4 Numerical Experiments

4.1 Experimental Setup

In this section, we present the experimental setup adopted to evaluate the per-
formance of MACH3 and to benchmark it against state-of-the-art frameworks.
All experiments were conducted in the MetaDrive simulator [17] on an Ubuntu
server with 128 GB RAM, an NVIDIA RTX 3090 GPU, and an AMD Ryzen 9
5950X processor. Each method was trained for at least 1 million steps over three
runs with different random seeds (roughly 36 hours). Evaluation used 20 fixed
seeds, separate from training, for a total of 60 test episodes per method.
Environment Scenarios: Two representative MASD scenarios reflecting real-
istic urban environments are considered (see Fig. 1). We use the roundabout and
intersection settings from the MetaDrive simulator [17], both featuring A = 2
lanes with width w* = 3.5 m, capturing the highly interactive and safety-critical
nature of AV coordination in common urban driving scenarios, while also cov-
ering complementary interaction patterns, including merging and diverging in
roundabouts and conflict resolution at intersections. The roundabout features
continuous traffic around a central island with multiple entries and exits from
four directions. A total of N; = 40 vehicles are initially deployed and re-spawned
upon completing their routes to maintain traffic density, allowing evaluation of
lane changes, merging, and splitting maneuvers. The four-way intersection has
no traffic signals, supports bi-directional flows while prohibiting U-turns, and
deploys N; = 30 vehicles re-spawned at random entry points, enabling assess-
ment of negotiation and social behaviors among agents. In both scenarios, the
fleet consists of homogeneous vehicles with a maximum longitudinal speed of
rmax = 8.3 m/s, corresponding to a typical urban speed limit, a steering an-
gle bounded by §™** = 40°, maximum tangential acceleration and deceleration
of 3.06,m/s2 and 710.0,m/sz, respectively, and a wheelbase of L = 2.5, m,
following standard MetaDrive settings and reflecting realistic passenger vehicle
characteristics in urban environments.

MACHS3 Parameters: MACH3 relies on several parameters, which are adopted
from common practices in RL [20] and trajectory planning [15], and empirically
validated to ensure robust performance. All modules operate with a time step of
100 ms (MetaDrive default). In the HLL, the planning interval is set to D = 4
time steps, allowing frequent updates of agent decisions while maintaining consis-
tency across actions. The policy training weighting factor w® = 0.6 balances indi-
vidual contributions with global objectives. The HLL training hyper-parameters
include the discount factor set to v = 0.99, and the target network updated at a
rate of 7 = 0.005. Learning rates are fixed at 1 x 10~° for the actor and 2 x 107>
for the critic. During critic updates, noise € with a standard deviation of o = 0.2
is clipped within the range ¢ = 0.5 and added to the target policy, with delayed
policy updates occurring every 3 steps. Neural network hidden layers contain
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256 units each, providing sufficient capacity to capture the complexity of high-
level decision-making. In the MLL, the prediction horizon is set to H = 30 time
steps to allow the planned trajectory to reach the HLL waypoints. The sam-
pling strategy is defined with N* = 17 terminal times and NV = 17 terminal
longitudinal positions, providing a sufficiently dense lattice to generate different
candidate trajectories and improve solution quality. The terminal time interval
is set between ™" = 4 and #™* = 30 time steps, balancing feasibility and re-
sponsiveness. In the LLL, an LQR generates low-level control actions with a cost
balancing tracking and effort. The input cost matrix R = diag(0.0115) penalizes
both actuators equally, while the state cost matrix Q = diag(5l», 7I7) assigns
higher weight to the first two states, where I,, denote a n-dimensional identity
matrix. The final cost equals @, and the prediction horizon N¥ = 4 matches the
planning interval, providing sufficient look-ahead.

Baselines: We benchmark MACH3 against six state-of-the-art baselines and
one hierarchical variant, selected to cover representative independent, coopera-
tive, and interaction-aware MARL approaches: (1) Individual Prozimal Policy
Optimization (IPPO) [26], which learns individual E2E navigation strategies;
(2) Cooperative PPO (CPPO), following the CTDE paradigm with a central-
ized critic to promote cooperation; (3) CoPO [5], enabling bi-level coordina-
tion via meta-gradient learning; (4) Individual TD3 (ITD3) [18], an individual
deterministic actor-critic without inter-agent coordination; (5) Mean Field PO
(MFPOQO) [5], which leverages mean-field theory to model multi-agent interac-
tions; (6) TraCo [7], a cooperative MARL method for multi-agent trajectory co-
ordination; and (7) Hierarchical Individual TD3 (HRL-ITDS3), a non-cooperative
hierarchical baseline replacing the cooperative HLL policy with ITD3, removing
global coordination while retaining the hierarchical structure. All baselines share
the same observation, action, reward, and termination settings for fair compar-
ison. Except for HRL-ITD3, which follows our training setup, the others use
default configurations and are trained until full convergence.

Metrics: To evaluate the performance of all methods, ten episodic Key Perfor-
mance Indicators (KPIs) are considered, grouped into three categories: Rates,
Performance, and Comfort. Each category captures different aspects of AV be-
havior and system performance, offering a thorough evaluation of outcomes and
driving quality, as commonly adopted in this type of analysis [12, 27, 17]. For the
sake of clarity, we indicate for each KPI whether higher (1) or lower (]) values
correspond to better performance.

The Rates category measures task completion and safety, including the Success
Rate (SR) 7, the fraction of vehicles that reach their destination; the Off-Road
Rate (OR) |, the rate of AVs that leave the road; the No-Valid-Trajectory Rate
(WR) |, the fraction of vehicles assigned an unreachable waypoint by the HLL;
the Timeout Rate (TR) |, the rate of vehicles that fail to reach their destination
within the episode time limit; and the Collision Rate (CR) |, the rate of AVs
involved in collisions. The Performance category evaluates operational efficiency
through Efficiency (EFF) 1, defined as the normalized success—failure balance
(Nsuee — Nfail) /Tep where T°P is the episode duration, and N'°® and Nfil de-
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Table 1. Results of MACH3 and baselines. Values are reported as avg (std); best in
bold, second-best underlined.

Intersection environment with 30 initialized agents (No U-Turn)

Method SR T OR 7 WR | TR | CR{
IPPO 6841 (7.22) 570 (2.30) - 0.77 (2.07) _ 25.12 (6.64)
CPPO | 61.10 (6.47)  8.36 (4.09) - 012 (0.35)  30.66 (6.74)
CoPO TL75 (948)  6.68 (3.64) - 2.13 (5.05) 1944 (7.21)
ITD3 69.26 (3.78)  6.60 (0.97) - 011 (0.10)  24.04 (3.17)
MFPO 68.65 (4.44)  11.15 (3.34) - 0.00 (0.00)  20.20 (4.44)
TraCo  [63.75 (10.16) 12.18 (2.52) . 0.68 (1.72)  23.39 (8.92)

HRLITD3 |59.18 (6.05)  0.00 (0.00)  2.98 (1.68)  0.00 (0.00)  37.84 (6.12)
MACHS (ours)|75.61 (6.97) 0.00 (0.00)  3.33 (2.03)  3.48 (5.01) 17.57 (6.11)
EFF 1 ATS | Avg SCR | [“4] Avg Acc | [3] Avg ACR | [

IPPO 32.4 (12.7) 630.88 (50.84) 451 (0.25)  3.68 (0.29) _ 26.66 (1.63)

CPPO 243 (155) 61215 (55.49)  3.99 (0.45)  3.92 (0.45)  26.64 (2.79)
CoPO 38.7 (15.2) 613.69 (65.20)  4.12 (0.92)  3.38 (0.29

( (0.45) (

( (0.20)  23.71 (1.87)

ITD3  |51.7 (10.54) 492.92 (35.22) 225 (0.09)  4.16 (0.27)  22.43 (1.29)

MFPO 37.7(9.22) 574.23 (34.49)  3.68 (0.13)  4.09 (0.20)  28.39 (1.33)

TraCo  [39.90 (26.82) 535.85 (84.68)  1.60 (0.23)  3.67 (0.68)  18.04 (3.20)
HRL-ITD3 | 24.4 (13.8) 617.40 (48.51)  0.04 (0.01) 2.13 (0.09)  8.61 (0.39)

MACHS (ours)| 43.9 (9.95) 625.94 (44.76)  0.03 (0.01) 1.79 (0.19) 7.50 (0.85)

Roundabout environment with 40 initialized agents

Method SR T OR | WR | TR | CR{
IPPO  [65.04 (15.36) 6,50 (3.72) - 17.16 (1538) 1121 (4.96)
CPPO 71.87 (8.29)  7.60 (3.47) . 113 (229)  19.39 (7.18)
CoPO 69.07 (9.68)  7.82 (3.08) - 8.61 (7.45)  14.48 (7.05)
ITD3 83.28 (0.81)  4.67 (1.47) . 037 (0.37)  11.69 (0.77)
MFPO 7517 (7.50)  9.71 (2.81) - 340 (2.84)  11.72 (4.39)
TraCo 69.21 (5.59)  20.76 (3.31) . 2.08 (3.37)  7.99 (3.98)

HRL-ITD3 | 78.31 (6.21)  0.00 (0.00) 2.29 (1.41)  0.00 (0.00) 19.39 (6.14)
MACHS (ours)|88.80 (4.19) 0.00 (0.00) 4.22 (241) 373 (1.58)  3.24 (3.99)

EFF 1 ATS | Avg SCR | 2] Avg Acc | [%] Avg ACR | [Z]
IPPO 39.1 (18.6) 737.47 (66.89)  3.55 (0.45)  4.30 (0.39)  27.63 (2.46)
CPPO 46.1 (16.4)  667.50 (46.55)  2.99 (0.43)  4.59 (0.35)  28.38 (2.22)
CoPO 40.9 (13.9) 727.46 (46.55)  3.92 (0.34)  4.66 (0.21

( (0.35) (

( (0.21)  29.86 (1.51)

ITD3 72.4 (3.35) 586.41 (32.39) 1.90 (0.27) 443 (0.27)  21.34 (2.67)

MFPO  [49.75 (12.01) 684.00 (39.41)  3.11 (0.07)  4.57 (0.12)  28.40 (0.69)

TraCo  |44.75 (11.02) 674.72 (47.67) ( (0.36)  23.52 (1.22)
HRL-ITD3 | 63.8 (11.4) 609.02 (31.68)  0.07 (0.00) 2.32 (0.03)  9.00 (0.19)

MACHS (ours)| 70.5 (6.4) 661.99 (23.52)  0.06 (0.00) 2.05 (0.04) 8.25 (0.20)

note the numbers of vehicles that succeed or fail to reach their goals, and the
Average Travel Steps (ATS) |, the mean number of steps required by successful
vehicles to complete their routes. Finally, the Comfort category measures driv-
ing smoothness through the Average Steering Change Rate (Avg SCR) |, the
mean steering change across vehicles; the Average Acceleration (Avg Acc) |, the
mean cumulative acceleration during the episode; and the Average Acceleration
Change Rate (Avg ACR) |, which captures abrupt variations in vehicle motion.

4.2 Results

This section presents a thorough evaluation of MACH3, including a compara-
tive analysis against state-of-the-art baselines, a scalability analysis, an ablation
study, and an assessment of real-world applicability.

Comparative Analysis: Table 1 presents the comparative evaluation of MACH3
and baseline methods across the two traffic environments.

First, regarding Rates, MACH3 achieves the highest SR, reaching 75.61% at the
intersection and 88.80% in the roundabout, outperforming all baselines and high-
lighting the benefit of our cooperative HLL compared to HRL-ITD3. MACH3
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also attains an OR of 0%, demonstrating the MLL’s effectiveness in enforcing
road-boundary compliance. MACH3’s WR, specific to hierarchical methods, re-
mains low (3.33% at the intersection and 4.22% in the roundabout), confirming
the reliability of the HLL-MLL structure in producing feasible waypoints and tra-
jectories. HRL-ITDS3 slightly outperforms MACHS in terms of WR, likely due to
its selfish policy that generates simple, easily executable waypoints for the LLL,
but leads to higher collision risk. In contrast, MACHS3 prioritizes global coordi-
nation through more complex and altruistic macro-actions, such as evasive lane
changes, which approach kinematic limits and are more often rejected as infea-
sible, increasing WR, while significantly reducing the CR. MACH3 also exhibits
a slightly higher TR, particularly at the intersection (3.48%), as cautious high-
level decisions favor safety over speed, occasionally prolonging episodes. Baseline
methods instead fail primarily through collisions driven by self-interested behav-
iors (e.g., CPPO: CR = 30.66%, HRL-ITD3: CR = 37.84% at the intersection),
whereas MACHS3 trades minor conservative failures (higher WR and TR) for the
lowest CR across both scenarios.

Regarding Performance, MACH3 exhibits slightly higher ATS than the base-
lines, likely because ATS is calculated only for vehicles that reach their destina-
tion, while MACH3’s higher SR results in longer average travel times. Neverthe-
less, we note that the EFF metric remains the second highest in both scenarios,
showing that, despite slightly longer per-agent times, MACH3 maintains supe-
rior overall throughput.

Finally, regarding Comfort, MACH3 achieves the lowest Avg SCR and Avg ACR
among all methods, indicating fewer abrupt steering and acceleration changes,
while the minimized Avg Acc reflects smoother overall vehicle dynamics. Along
with the HRL-ITD3 results, they show that our hierarchical architecture con-
tributes to improved ride comfort, a key factor for real-world AV deployment.
Scalability Analysis: To assess zero-shot generalization, we evaluate the meth-
ods by scaling the initial number of agents from 6 to 36 (intersection) and from
8 to 48 (roundabout) without retraining. As shown in Fig. 2, MACH3 consis-
tently achieves the highest SR. While the baselines degrade sharply under heavy
congestion, MACH3 shows a more gradual decline, maintaining a 77% SR even
at maximum density in the roundabout scenario. This behavior indicates that
MACHS learns robust strategies across varying traffic densities, demonstrating
improved zero-shot generalization to more complex environments.

Ablation Study: While the comparison with the HRL-ITD3 baseline highlights
the necessity of the cooperative framework, an ablation study is conducted to
analyze the contribution of MACH3’s key components. The study is performed
in the intersection scenario, as shown in Table 2. Removing the GAT module
(MACH3 w/o GAT) reduces SR from 75.61% to 71.68% and significantly in-
creases CR, confirming its role in improving interaction modeling and coordina-
tion. The cooperative weight w® is also analyzed: setting w® = 0 (selfish) leads
to frequent deadlocks and lower SR, while w® = 1 (fully cooperative) reduces
collisions but decreases EFF, lowering SR to 73.34% due to timeouts. A value of
w® = 0.6 achieves the best trade-off, effectively balancing safety and efficiency.
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Table 2. Results of the ablation study. Values are reported as avg (std) over 10 KPIs;
best in bold, second-best underlined.

Method Intersection environment with 30 initialized agents (No U-Turn)
! SRT OR | WR Y TR Y CR{
MACH3 w/o GAT| 71.68 (5.14)  0.00 (0.00) 6.11 (229)  0.00 (0.00) 22.26 (4.58)
wé =0 67.54 (5.90)  0.00 (0.00) 6.42 (2.01) 0.21 (0.93)  25.88 (6.06)
w=1 73.34 (6.64)  0.00 (0.00) 5.02 (2.14) 4.68 (5.63)  16.96 (4.74)
W% =06 75.61 (6.97) 0.00 (0.00)  3.33 (2.03)  3.48 (5.01)  17.57 (6.11)
EFF 1 ATS | Avg SCR | [™] Avg Acc | [3] Avg ACR | [%]
MACHS3 w/o GAT|44.85 (9.23) 598.79 (45.14) _ 0.06 (0.01) 2.06 (0.16)  8.55 (0.63)
wé=0 38.80 (11.21) 612.41 (45.60)  0.06 (0.01) 1.82 (0.19)  7.86 (0.81)
Wwé=1 42.50 (10.46) 640.50 (57.05)  0.05 (0.01)  1.67 (0.23) 7.21 (0.97)
w% =06 43.90 (9.95) 625.94 (44.76)  0.03 (0.01)  1.79 (0.19)  7.50 (0.85)
Intersection Roundabout
1.0 1.0
0.9 0.9 m
2038 '/‘\‘\\ 0.8 :\
I51
806 —— | 06 \
& 05 —e— MACH3(Ours) 05 —e— MACH3(Ours)
’ —e— ITD3 ) —e— ITD3
0.4 —o— TraCo 0.4 —o— TraCo
0.3 MFPO 0.3 MFPO
0.2 0.2
10 20 30 10 20 30 40 50
Initial Number of Agents Initial Number of Agents

Fig. 2. Success rate and zero-shot generalization across different numbers of agents.
All methods are trained at the default agent count (black dashed line).

Real-World Applicability: Real-time feasibility of MACH3 was evaluated on
a laptop (Intel i7-12700H CPU, 16GB RAM, NVIDIA RTX 3050 GPU), repre-
sentative of typical onboard AV deployment. Computation times were measured
over 10,358 intervals, yielding average latencies of 0.3 ms, 10.2 ms, and 2.2 ms
for the HLL, MLL, and LLL, respectively, with minimum values of 0.1 ms, 7.5
ms, and 0.8 ms, and maximum values of 0.7 ms, 32.1 ms, and 6.1 ms. All mod-
ules operate within real-time constraints under the adopted time step, confirming
MACH3’s suitability for real-time MASD scenarios. Furthermore, we experimen-
tally validated MACHS3 on a physical multi-robot platform, with demonstration
videos provided in the supplementary materials.

5 Conclusions

This paper presents MACH3, a fully decentralized Multi-Agent Cooperative
Hierarchical RL architecture for MASD navigation, composed of a high-level
cooperative policy, a middle-level planner, and a low-level controller. Experi-
ments show that MACH3 outperforms baselines in success rate, performance,
and driving comfort, while reducing collisions and maintaining robust behavior
under increasing traffic density. Real-time feasibility and validation on a physical
multi-robot platform further demonstrate its applicability in realistic scenarios.

Future work will integrate an RL-based trajectory tracker in the low-level
layer and incorporate emergency braking to further enhance safety.
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