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Abstract— Efficiently learning strategic multi-agent behavior
remains a challenge for robotic systems deployed in real-
world scenarios, especially when considering underactuated
or dynamically unstable systems. Such systems demand an
integrated approach that informs long-term strategic planning
with constraints imposed by reactive control, and vice versa, to
effectively accomplish task objectives in competitive scenarios.
In this paper, we introduce a hierarchical control model to ad-
dress this: a high-level controller synthesizes strategic guidance
from aggregated team experiences, while a low-level controller
formulates corresponding task-specific continuous controls. We
apply this concept to coordination of competitive multi-team
behavior in dynamic flight scenarios with F-16 aircraft. This
work introduces a hierarchical reinforcement learning approach
for multi-agent coordination, leveraging decoupled distribu-
tional value representations at the high-level together with goal-
conditioned policy learning at the low-level, providing a control
structure that integrates long-horizon strategic planning with
short-horizon dynamic control. We further provide a parallel
simulator for efficient learning with multi-agent F-16 dynamics.

I. INTRODUCTION

Learning efficient control strategies through interaction
presents a challenging task for dynamically unstable systems.
Simply maintaining stability is further often insufficient as
resulting motions are to be directed towards a task objective.
Particularly in multi-agent settings that are prevalent in real-
world robotics deployment, this induces complex decision
making across multiple levels of abstraction. However, there
tends to be a common dichotomy of developing either
single-agent controllers under complex dynamics or multi-
agent planners under simplified dynamics. Integrating the
two provides unique opportunities for unlocking synergies
between strategic long-horizon planning and dynamic short-
horizon control, while bringing us closer towards scenarios
that can become challenging for humans, as exemplified by
cognitive overload arising in e.g. real-world flight control [1].

We consider mixed cooperative-competitive multi-agent
control tasks for teams of F-16 aircraft. The agents cooperate
within and compete across teams in a zero-sum racing
task that provides sparse reward feedback based on team
rank. The F-16 dynamics provide high maneuverability and
require responsive low-level control at high operating speeds,
making them an excellent target for automated control. The
sparse team-centric task requires agents to not only focus
on short-term continuous control but also reason about long-
term strategic interaction across multiple team members.
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Fig. 1: A competitive multi-agent flight scenario with two
teams of F-16 aircraft (red vs. blue) racing along a reference
path (green center-line). The task combines long-horizon
strategic planning and short-horizon reactivate control, where
we leverage hierarchical policies to introduce an abstraction
layer between team-centric strategy and ego-centric control.

We approach this problem via hierarchical abstraction
spanning multiple levels of control. The high-level controller
learns to provide long-term strategic guidance to the low-
level controller in the form of goal states by aggregating
experience across team members. The low-level controller
then generates continuous controls to achieve the high-level
goals within the provided time-frame while respecting task
constraints. An inner-loop stabilizing controller further trans-
lates learned low-level signals to control surface commands.
This yields a hierarchical controller that enables coordinated
multi-team behavior for complex dynamical systems. Our
work leverages the high-fidelity dynamics model provided by
the Air Force Research Laboratory in [2]. We further adapt
this model to enable data-efficient learning via parallelization
across both environments and agents in JAX [3]. In order to
fully leverage parallel learning, we further introduce the De-
coupled Distributional Expected SARSA agent to coordinate
multi-team behavior at the high-level. In summary, our work
makes the following key contributions:

o A hierarchical policy structure introducing a layer of
abstraction between strategic high-level planning and re-
active low-level control for dynamic multi-agent flight.

e A novel reinforcement learning agent for high-level
multi-agent control, combining distributional value
functions with decoupled control in Expected SARSA.
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II. RELATED WORK
A. Multi-agent simulation

A broad spectrum of simulators has been developed to
model various aspects of learning multi-agent interaction,
ranging from cooperative particle environments [4], [5],
[6] over competitive two-player games [7], [8] to mixed
cooperative-competitive teams of articulated robots [9], [10].
Recent successes have been demonstrated largely for strate-
gic decision making in competitive games, including one-vs-
one board games [7], [8] as well as many-vs-many real-time
strategy games [11], [12], where the StarCraft Multi-Agent
Challenge emerged as a prevalent benchmark ([13], [14]).
While these settings often require long-horizon strategic
planning they typically abstract away low-level system dy-
namics, and there are very few multi-agent environments that
consider the interplay between high-level strategy and low-
level execution [9], [15], [10], [16]. However, this intricate
relationship becomes increasingly important when moving
towards deployment in real-world multi-agent scenarios,
where underactuated or dynamically unstable systems dictate
constraints on what high-level planning may achieve [10],
[17]. In this work, we are particularly interested in the
intersection of long-horizon decision making and high-speed
maneuverability required for multi-agent flight control. There
exists a multitude of simulators dedicated to quadrotor dy-
namics [18], [19] with a subset offering multi-agent learning
interfaces [20], [21]. Similarly, multi-agent fixed-wing ap-
plications have recently gained prominence in the context
of competitive one-vs-one control of F-16 aircraft, with ap-
proaches differing in the fidelity of the underlying dynamics
model [22], [2], [23]. Efficient learning control of high-
fidelity multi-agent interaction requires high data throughput
and only a small subset of simulators feature complex
dynamics while leveraging vectorization for deployment on
hardware accelerators [24], [25], [15], [26], [27]. Here,
we study multi-agent flight control in mixed cooperative-
competitive scenarios and provide a novel parallelized multi-
agent fixed-wing simulation environment in JAX [3].

B. Multi-agent learning

We consider a mixed cooperative-competitive learning
scenarios with two teams of agents optimizing for a sparse
zero-sum reward [28], [29], [15]. There exists a broad
spectrum of multi-agent learning approaches for such tasks,
ranging from independent to fully centralized learning. Fully-
centralized learners scale poorly with action space dimen-
sionality while independent learners quickly run into coor-
dination challenges, with distributed agents aiming to strike
a balance between the two [30], [31], [32], [33], [34], [35].
A common framework for coordinating multi-agent teams is
Centralized Training with Decentralized Execution (CTDE),
where privileged information is shared during the training
phase to align decentralized policies acting under partial
observability. In the context of Q-learning based approaches,
value decomposition into factored utility functions has been
successfully applied across many tasks including decoupled

learning of single-agent control [36], [37], [38], [39]. These
concepts further extend to the actor-critic setting [40], [41],
[42]. Applications in multi-agent fixed-wing flight control
typically focus on the competitive one-vs-one scenario and
do not require coordination across team members [43], [17],
or alternatively solve teaming scenarios via optimization over
a selection of predefined low-level behaviors [44]. Recent
work has seen an emergence of hierarchical control solutions
that aim to provide a layer of abstraction between high-level
planning and low-level actions, both in the context of single-
agent control [45], [43], [46] as well as multi-agent coordina-
tion [44], [47], [15]. Here, we consider a hierarchical policy
structure that leverages the CTDE paradigm to coordinate
multi-agent team strategy at the high-level via a distributional
decoupled variation of Expected SARSA, while optimizing
low-level policies that translate high-level guidance into
continuous control via Proximal Policy Optimization (PPO).

III. METHOD

In the following, we first introduce the underlying dynam-
ics model in Section III-A and proposed control structure in
Section III-B. We then provide technical details regarding the
high-level and low-level learning algorithms in Section III-C.

A. F-16 dynamics

We leverage the F-16 aircraft dynamics presented in [2].
The model has 6 degrees of freedom (DoF) with 16 state
variables. We follow a notation similar to [2] and represent
the aircraft position in a north-east-down coordinate system
as (Pn, Pe, Pa). The associated linear velocity is defined via
the airspeed v, angle of attack «, and side-slip angle f.
The orientation is given by the roll, pitch, and yaw angles
(7, 0,1), respectively, with their associated rates (*'y,é,q/}).
The model further explicitly accounts for the engine power
lag Ae. These plant states are augmented by states of an
inner-loop controller to yield a "fly-by-wire” system. While
throttle (d;) is directly commanded by the pilot, the primary
control surfaces (dg4,d¢,d,) are only indirectly controlled
via reference commands for the upward acceleration N,
stability roll rate 75, and sum of the side acceleration and
yaw rate Ny e The inner-loop controller then leverages
two decoupled Linear-Quadratic Regulators (LQR) along the
longitudinal and lateral modes in combination with integral
tracking control. Additional details are provided in [2].

We adapt the implementation of the dynamics and inner-
loop controller to JAX [3] to enable parallel deployment on
hardware accelerators. In particular, we consider both paral-
lelization across n; environments and n, agents within envi-
ronments to yield state tensors with dimensions [ny, ng, ...].
This facilitates efficient parallel sample generation for down-
stream learning applications. Our implementation supports
both the look-up table model by Stevens [48] as well as the
polynomial interpolation model by Morelli [49], where we
use the latter dynamics model for learning controllers. We do
not adjust the original parameters of the inner-loop controller
and consider inner-loop behavior to be part of the dynamics.
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B. Control structure

Based on the definitions introduced in the previous section
we formulate the underlying state s and action w vectors as

s = [Ua057/87’77oawaﬁ/aéa/lbapnapeaptbAeaNzaﬁ/&NyJ,_quv
u = [5t7 Nz,refa’.)/s,refa Ny+1[),ref]’

where the reference side acceleration and yaw rate is set
to zero in accordance with [2]. The inner-loop controller
is therefore provided with three reference actions from the
outer-loop controller, of which the thrust command is fed
through to the plant and the reference upward acceleration
and stability roll rate are translated to the control surfaces.
We formulate the outer-loop controller as a hierarchi-
cal policy. This introduces a layer of abstraction between
high-level strategic planning and low-level continuous con-
trol [15]. The high-level policy learns to propose multi-
step goal states to the low-level policy. At the high-level,
we leverage categorical variables in 3D space to encode
explicit mode-switching behavior, e.g. "Agent 1: fall back
and roll to the left; ...”, as an instance of multi-agent option
learning [50], [51]. At the low-level, we generate continu-
ous commands to achieve individual goal states within the
provided time horizon while satisfying constraints, serving
as references for the inner-loop controller as visualized in
Figure 2. This controller design effectively decouples team-
centric strategic reasoning from ego-centric motion planning
to facilitate efficient behavior learning in multi-agent set-
tings, while enabling the low-level reactive control to deviate
from high-level guidance if local constraints require so.

C. Learning algorithms

The high-level and low-level policies are updated itera-
tively within a bilevel optimization. We provide details of
the respective learning algorithms in the following, where
the underlying observation and action space are defined as

t =t i1 ¢t ¢
OpL = [5 » AL 5 Oado> Otask]’

t =t ot t t
oL = [S » AL Oado> otask]?

af—[L = [Apna Apea Apa]7
aEL = [525; Nz,refa ’.ys,'r’ef];

with 5 as a transform of the original state vector replacing
angles «y with [sin (), cos (7)], 0ado providing relative spatial
position and velocity readings of other agents, and Ok
conferring task-specific information. We note that the low-
level policy is conditioned on the current high-level actions.
In the following, we denote learnable high-level parameters
by subscripts ¢ and low-level parameters by subscripts (.
a) High-level control: The high-level policy is repre-
sented with Categorical variables obtained as an e-greedy
evaluation of a state-action value function Q4 (opr, anr). We
leverage a variation of Decoupled Expected SARSA [39],
[15] to enable Centralized Training with Decentralized Ex-
ecution (CTDE) in cooperative multi-agent settings. This
features value decomposition ([52]) of the state-action value
function across both action dimension as well as team
members. We consider two variations of our approach with

either a deterministic or distributional value function. In the
deterministic case we have the linear value decomposition

n 3
1 a .. X ..
_ 2,7 2,7
Qg4(onL, anL) = 3. E E Qg (on, agi), (D)

i=1j=1

where Q;J denotes a utility function of agent ¢ and high-level
action dimension j (target offsets in 3d space Apyy, ¢ q})-
In the distributional setting, we consider the CS51 critic
from [53] and proceed with a linear composition in prob-
ability space over the value bins (“atoms”), z*, such that

1 Qe Gy i
pg(onL, anL) = 3. ZZP¢ (ohL, @it ), 2

where p/ now denotes the atom probabilities correspond-
ing to agent ¢ and action dimension j. The set of atoms
{zF = vmin + k¥max=tmin} consists of K = 51 potential
return values that evenly divide the range between return
bounds {Umin, Umax}. The expected value is recovered in
combination with the predicted atom probabilities as
51
Q¢(OHL7 aHL) = Z ka’;s(OHL, aHL)~ 3)
k=1
The value function is then optimized on the temporal dif-
ference (TD) error between itself and the target y;. We note
that the high-level control loop runs at a lower frequency than
the low-level control and we therefore accumulate rewards
over the low-level time-horizon At. The target value is
then y, = 3750 (s, afy) + 7Qu (0™, af ™), where
we minimize TD errors via the Huber loss, Ls. In both
the deterministic and distributional formulation, the training
proceeds centralized across team members to discover multi-
agent strategies, while execution proceeds decentralized via
e-greedy evaluation of the agent-specific utility functions.
b) Low-level control: The low-level policy receives
goal states from the high-level policy and generates contin-
uous actions based on a multi-variate Gaussian distribution.
This action-selection is decentralized across each agent and
implicitly considers strategic teaming behavior via the pro-
vided goal state distribution. We leverage Proximal Policy
Optimization (PPO) [54] as an effective on-policy actor-critic
algorithm in parallel simulation settings. In particular, we
employ the common clipped objective with likelihood ratio
rt(p) = % and advantage function A?, where 7
denotes a Erev%ugLversion of the network parameters . We
omit the TD value function objective and entropy loss to
avoid clutter, and provide the clipped policy objective as

L%CI)P = rnin(rt(ga)flt, clip(r(p),1 — e, 1+ e)flt). %)

c) Bi-level optimization: The overall optimization then
alternates between improving single-agent low-level control
under fixed high-level target distributions, and optimizing
multi-agent high-level targets under fixed low-level controls:

m(gn EaHLNQ(p,TL]_NTK‘@ L(S (yt - Q¢(0HL7 aHL)) (5)

~ CLIP
S.t. ¢ = arg ngX EGHLNQ¢77'LLN7T¢ LPPO .
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Fig. 2: Left: a schematic of our hierarchical policy design. The high-level module (blue) learns goal state predictions based on
environment observations and relays these to the low-level module (green) with a time-horizon for goal completion. The low-
level policy is conditioned on high-level goals and predicts thrust commands as well as reference actions that an inner-loop
controller (red) translates to control surface commands [2]. This three-layer hierarchy introduces layers of abstraction between
long-horizon team-centric planning (HL), medium-horizon ego-centric control (LL), and hardware-level short-horizon system
stabilization. Right: scene featuring a blue team competing against a red team. The agents observe center-line waypoints
(green) and constraint volumes (yellow) over a preview horizon together with relative spatial information of other agents.
Each agent predicts high-level goal states (magenta, sphere) to be achieved via low-level control (magenta, line).

IV. EXPERIMENTS

In the following, we first provide an overview of the multi-
agent teaming task together with details on the network
architectures and hyperparameters in Sections IV-A and IV-
B. We then provide both quantitative as well as qualitative
experimental results comparing our proposed approach to
baselines ablating on individual components in Section I'V-C.

A. Task description

The environment features two teams of four F-16 aircraft
competing in a zero-sum racing task. The racetrack is defined
by a center-line that interpolates waypoints placed randomly
in 3D space under smoothness constraints. Additionally, each
waypoint has an associated radius that defines a variable-
width tube within which agents need to operate. A visual
representation of the environment is provided in Figure 2
(schematic) and Figure 5 (trajectory). Apart from their ego
state information (3%, Section III-C), agents observe task
information oy in the form of center-line waypoints with
their associated constraint radius over a limited preview
horizon. Lastly, relative position and velocity information
of other agents together with their respective team IDs are
provide as 0,4,. This requires only information from standard
on-board TCAS/IFF systems [55], and does not assume
privileged access to internal opponent states. All position-
based information is transformed into spherical coordinates
as we found this to significantly accelerate learning. Agent-
specific termination conditions are introduced that check
multi-agent collisions, force agents to stay within altitude
bounds and enforce realistic turn-rates. This is particularly
important as we simulate agile multi-agent maneuvers at
velocities of over 1000 km/h. The high-level reward function
provides sparse zero-sum team-rank reward, where team-
rank AT represents the rank of the leading team member.
It further features a zero-sum regularization term at an order
of magnitude lower that encourages improvements in ego-
centric rank A\¥. The high-level reward is thus defined as

il = (1 = 20T) + 0.1(\E; — AE)/(1 + min(\E |, \F)).
The low-level policy receives a proximity reward for being
close to the current high-level waypoint together with penalty
terms for agent collisions and leaving the track boundaries.
We further introduce small regularization terms that encour-
age smoothness of the controls and angular rates. Our multi-
agent simulator extends the single agent system-dynamics
of [2], [26] and enables rollouts of 4-vs-4 team races across
thousands of parallel environments on hardware accelerators
via tensorized representations in JAX [3]. We will release
our simulator upon publication to enable broader access to
time-efficient learning of dynamic multi-team behaviors.

B. Learning architecture

The high-level critic as well as low-level actor-critic
are implemented as two-layer fully-connected networks. We
enable permutation invariance with respect to observations
of other agents by pre-processing 0,4, With a multi-headed
cross-attention encoder that treats ego information as queries
and other agent’s observations as key-value pairs [56], [15].
Further hyperparameters are provided in Table I. The high-
level policy predicts position offsets to a target point on
the center-line at the end of the preview horizon via a
7-bin Categorical along each spatial dimension, based on
an e-greedy evaluation of the associated state-action value
function as outlined in Section III-C. The high-level decision
making proceeds at a lower rate than the low-level control
and we consider two time-horizons, updating every 8s or
20s. The low-level policy computes the associated continuous
controls for achieving high-level targets at a constant rate of
12.5Hz. We note that the high-level policy provides strategic
guidance to the low-level policy, while the latter retains the
flexibility to deviate from the proposed target if required.

C. Empirical evaluation

We train multi-agent control policies on mixed
cooperative-competitive racing tasks in our parallel
simulator via self-play. To this end, we maintain a pool
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Fig. 3: Evaluation of learned teaming behavior based on round-robin winrates across 5 x 5 seed pairings yielding 12800 races
per agent. We vary the time-scale of the high-level decision making and consider Aty = 8s (panels 1-3) and Aty = 20s
(panels 4-6). We compare our proposed ES+D3 agent to ablations including removal of the distributional value function
(ES+D2), decoupling across team-members (ES+D1) and no decoupling (ES). We provide mean total winrate per agent with
standard deviation (panels 1 and 4), interquartile mean winrate among pairings with 95% confidence intervals (panels 2
and 5), and mean winrate of individual pairings (panels 3 and 6). We observe significant benefit of learning distributionally
decoupled value representations (ES+D3) in coordinating multi-team racing behavior, outperforming both ablations as well as
the DecSARSA baseline across a total of 38400 evaluation races with randomized track configuration and starting positions.

TABLE I: Training hyperparameters.

[ Parameter | Value [| Parameter [ Value |
Tlenv 1024 hdim [64, 64]
Y 0.99 TUPPO, step 32
TUES, step 10 TUPPO, mini 4
TES, bin 7 TUPPO, epoch 4
€ES 0.1 >\GAE 0.95

of past checkpoints and either play against a copy of our
current policy or a former checkpoint with equal likelihood.
We abbreviate Expected SARSA as ES and denote our
factored distributional agent as ES+D3, which subsumes
agents that ablate on individual features as follows

o ES + D3 Distributional factored critic (Eq. 3)
o« ES + D2 Factored critic across agents (Eq. 1)
e ES + D1 Factored critic across actions

« ES Expected SARSA

where the latter two do not aggregate information across
team members and can be regarded as egoistic agents.

We train all agents with the same self-play setup for 1
million training steps across 1024 parallel environments. We
then compare performance quantitatively between agents in a
round-robin tournament, where each agent plays every other
agent for 12800 races each. Figure 3 provides empirical
results for high-level updating every Aty = 8 seconds
(panels 1-3) and every Aty = 20 seconds (panels 4-
6). We provide mean total winrate with standard deviation
(panels 1 and 4), interquartile mean winrate among pairings
with 95% confidence intervals (panels 2 and 5) [57], and
mean winrate of individual pairings (panels 3 and 6). The
evaluations in Figure 3 indicate very strong performance of
our ES+D3 agent, which achieves winrates of around 70%.
This highlight that learning decoupled value functions across
both action dimensions and team members in combination
with distributional value representations can yield highly
capable multi-agent systems. Furthermore, we observe im-
proved general performance over the non-distributional agent
ES+D2 across all evaluations. The latter especially struggles
on the short horizon task instance, which could indicate

that aggregating learning signals across team members under
increased perceived randomness resulting from more fine-
grained updates could require distributional approaches to
stabilize optimization in expectation. The pairing-specific
winrate statistics, comparing ego (row) to opponent (column)
teams, in panels 3 and 6 further indicates that the distribu-
tional agent outperforms all opponents (top row). In the long-
horizon scenario, a clear hierarchy across system ablations
emerges that underlines the benefit of individual features.

Lastly, we provide qualitative results that showcase the
emergence of multi-team coordination based on sample tra-
jectories from our simulator in Figures 4 and 5. In Figure 4,
the blue team (agents 0-3) and red team (agents 4-7) all
start with the same forward displacement and randomized
lateral displacement as well as altitude. Here, agent O and
1 immediately roll to the right (top row) in order to push
agent 5 out-of-bounds and block agent 6 and 7, respectively.
This enables agent 3 to take the lead for the blue team, while
agent 2 moves into the center and limits the space for the
red team to attack from below. The interaction trajectories of
agents 0 and 5 (left) as well as 1 and 7 (right) are highlighted
for visual clarity. The multi-team scenario allows for the
emergence of strategic interactions. In Figure 5, the blue
team starts in front with agents 6 and 7 (red) attempting
to challenge agents 0 and 1 (blue) for the lead in frame
1. Agents 0 and 1 (blue) execute a coordinated blocking
maneuver by rolling to the right and cutting off agents 6
and 7 (red) in frame 2. Agent O (blue) effectively forces
agent 7 (red) to fall back by pushing it outside the constraint
perimeter (yellow), while agent 6 (red) evades the block by
changing course and rolling to the left in frame 3. While
agents 0 and 2 (blue) attempt to close the gap between them,
agent 6 (red) squeezes through in frame 4, then immediately
rolls right in frame 5 to pass agent 1 (blue) on the outside
and take the lead. This qualitative trajectory highlights the
emergence of strategic multi-step decision making both from
the perspective of cooperation via e.g. coordinated blocking
and line adjustment, as well as cross-team competition via
agile evasion and aggressive overtaking. While our proposed
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Fig. 4: Sample trajectory highlighting a multi-agent coordinated blocking maneuver executed by the blue team (agents 0-3).
Forward displacement is provided on the z-axis with lateral displacement (top) and altitude (bottom) on the y-axis. We
highlight two interactions in the same sequence separately for visual clarity. Left: agent O (blue) rolls to the right, pushing
agent 5 (red) out-of-bounds (yellow). Right: agent 1 (blue) similarly rolls to the right and blocks both agents 6 and 7 (red).
Agent 3 takes the lead, while agent 2 moves into the middle reducing the space for overtakes from below.
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Fig. 5: Sample scenario highlighting the emergence of strategic cooperative and competitive behavior. Frame 1: agents 6

and 7 (red) attempt to challenge agent 1 (blue) for the lead.

Frame 2: agents 0 and 1 (blue) roll to the right in a blocking

maneuver. Frame 3: agent O (blue) forces agent 7 (red) to fall back by pushing it outside the constraint perimeter (yellow),

while agent 6 (red) evades the block by rolling left. Frame

4: agents 0 and 2 (blue) attempt to close the gap but agent 6

(red) squeezes through. Frames 5: agent 6 (red) cuts back to the right and eventually overtakes agent 1 (blue) for the lead.

Our approach enables the emergence of strategic high-level

behavior complementing reactive low-level control, an instance

of which is provided by the competitive multi-step interactions between agents 6-7 (red) and 0-2 (blue).

approach is capable of learning behaviors that successfully
solve the task with high winrates compared to baseline ap-
proaches, it further enables the emergence of strategic high-
level behavior complementing reactive low-level control.

V. CONCLUSIONS

Learning competitive multi-agent control in dynamic real-
world settings requires close integration of long-horizon
strategic planning with short-horizon reactive control. We
study efficient coordination and behavior acquisition in
mixed cooperative-competitive settings in the context of
multi-team flight control with F-16 dynamics. Our approach
leverages hierarchical reinforcement learning, introducing a
layer of abstraction between team-centric high-level strategy
and ego-centric low-level control. At the high-level, we
aggregate multi-agent information within a decoupled distri-
butional critic to predict long-horizon goal state distributions
for each team member. At the low-level, we train a goal-
conditioned policy that aims to achieve the high-level goals
within the given time-horizon, while retaining flexibility
to negotiate trade-offs between global strategy and local
constraints. The hierarchical policy is trained iteratively via
bilevel optimization, learning multi-agent high-level behav-
iors with our proposed Decoupled Distributional Expected

SARSA agent. To accelerate multi-agent learning in com-
petitive teaming scenarios, we further introduce a tensorized
JAX-based version of established F-16 dynamics that provide
parallelization across environments and agents to exploit the
efficiency of hardware accelerators. We leverage these dy-
namics to formulate a competitive multi-team racing task that
focuses on emergent multi-agent behavior from sparse rank
rewards. Our empirical evaluations underscore the benefits of
our hierarchical policy structure and decoupled distributional
high-level learning framework, both with respect to raw
quantitative winrates, as well as the qualitative emergence of
high-level strategies such as coordinated blocking, actively
forcing evasive maneuvers, or aggressive overtaking.

There are several promising directions future work, includ-
ing explicitly comparing the emergent low-level maneuvers
arising from end-to-end hierarchies with learned options
over hand-crafted expert maneuvers. While we focused on a
specific scenario in our study, extensions could further con-
sider a broader set of tasks such as multi-agent surveillance
scenarios as well as coordination among heterogeneous agent
classes [58]. Our current implementation also considers fixed
high-level horizons across all agents for efficient paralleliza-
tion of high-level training, while observation conditioned
timings could broaden the set of emergent capabilities.
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