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Autonomous systems have achieved superhuman performance in isolation or simulation, yet they remain brittle
in shared, dynamic real-world spaces. This failure stems from the dominant single-agent paradigm for physical
applications, where other actors are ignored or treated as environmental noise, preventing effective coordina-
tion. Here we show that multi-agent reinforcement learning provides the essential safety scaffolding required
for real-world interaction. Using high-speed quadrotor racing as a high-stakes testbed, we train agents to navi-
gate complex aerodynamic interactions and strategic maneuvering with a variable number of racers. Through
league-based self-play, agents evolve sophisticated anticipatory behaviors, including proactive collision avoid-
ance, overtaking, and handling multi-agent physical interactions, including aerodynamic downwash. Our agents
outperform a champion-level human pilot in multi-player races at speeds exceeding 22 m/s, while simultaneously
reducing collision rates by 50% compared to state-of-the-art single-agent baselines. Crucially, training with di-
verse artificial agents enables zero-shot generalization to safer human interaction. These results suggest that
the path to robust robotic co-existence lies not in isolated safety constraints, but in the rigorous demands of

multi-agent interaction. Multimedia materials are available at: https:/rpg.ifi.uzh.ch/marl

INTRODUCTION

Autonomous robots are increasingly operating in the physical world.
Learned policies now enable walking robots to traverse challenging
terrain [1, 2], mobile manipulators to clean up [3] or cook [4], and
aerial vehicles to navigate complex environments at high speed [5—
9]. Yet, a striking asymmetry persists: while single-agent systems
have matured from laboratory demonstrations to practical deployment,
agile multi-agent coordination remains largely confined to simula-
tion [10, 11], even in highly realistic and competitive domains such
as autonomous car racing [12].

In the physical world, head-to-head racing against a human oppo-
nent does not resolve this challenge either: it remains fundamentally
a duel, a bounded interaction in which strategy largely reduces to lap
time optimization. Once the autonomous agent establishes a lead, the
risk of collision with its single opponent effectively vanishes, as em-
pirically observed in prior head-to-head racing against champion-level
humans, where the autonomous agent led from start to finish in every
race it completed [6]. When additional competitors enter the same
airspace, this simplification breaks down. Strategies optimized for
solo or head-to-head racing suffer sharp performance degradation as
the number of agents grows, with increasing collisions and deteriorat-
ing race-completion rates. Strategies that master a duel, lose in multi-
player interaction and deployment. This gap presents a fundamental
barrier to scaling autonomous systems, as many critical applications,
from warehouse logistics to search and rescue to urban air mobility,
inherently require multiple robots operating in shared physical space
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alongside humans. Addressing this challenge demands agents which
model, anticipate, and adapt to the behavior of multiple other agents
sharing the same physical space.

Artificial intelligence has encountered this transition from single-
to multi-opponent settings before, and each instance has required new
methods rather than incremental scaling. In poker, Al first achieved
superhuman play in two-player zero-sum settings [13, 14], where
the Nash equilibrium provides strong worst-case guarantees and re-
mains computationally tractable. The transition to six-player poker
proved categorically harder: equilibrium strategies no longer guar-
antee bounded exploitability, and the combinatorial growth of oppo-
nent interactions demands qualitatively different search methods to
achieve superhuman performance [15]. Just as game-playing Al had
to advance from two-player contests to multiplayer settings, robotic
control must advance from optimizing solo trajectories to dynamic co-
existence of multiple agents in shared physical environments.

Reinforcement learning has a long history of superhuman game
play [16], from backgammon and Go [17, 18] to the partial observ-
ability and vast strategy spaces of StarCraft II [19], Dota 2 [20], and
multi-player capture-the-flag [21]. A key insight from these systems
is that training against a diverse population of opponents, rather than
a single fixed adversary, prevents strategic overfitting and produces
more generalizable behaviors [11, 22, 23], including interaction with
humans [17, 19, 20]. Beyond game play, reinforcement learning has
produced emergent team behaviors in simulated robotics settings [24—
26]. Consequently, recent work has begun to bridge the gap to phys-
ical systems through sim-to-real transfer, demonstrating competitive
behaviors in robot soccer [27, 28], small-scale car racing [29], and
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two-player drone racing with sparse competitive rewards [30].

However, these systems either operate at low speeds and limited
safety challenges, or are restricted to two-player interactions that do
not capture the combinatorial complexity of multi-agent coordination.
Translating multi-agent learning to more agile physical platforms com-
pounds the well-studied challenges of non-stationarity, exponential
state-space growth, and partial observability [10, 31] with constraints
unique to the physical domain: collisions destroy hardware, interac-
tions between agents couple their dynamics, and safety cannot be com-
promised for performance. Whether multi-agent learning can enable
safe coordination at speeds where collisions are catastrophic and reac-
tion margins are measured in milliseconds remains an open problem.

Multi-player quadrotor racing provides a uniquely demanding
testbed for this question. The domain demands performance at the
physical limits of vehicle dynamics, with speeds exceeding 100 km /h
and accelerations surpassing 12 g [7]. Prior autonomous racing sys-
tems have reached these limits but optimize purely for lap time re-
gardless of competitive context [6-8]. Existing multi-agent aerial
systems have demonstrated coordination capabilities but operate at
speeds up to an order of magnitude below competitive racing [32—
34]. When multiple vehicles share the track at high speeds, the prob-
lem changes significantly. An N-agent race creates a densely coupled
system in which every trajectory constrains every other. Gates be-
come contested narrow passages where vehicles must negotiate entry.
Aerodynamic downwash from neighboring vehicles perturbs flight dy-
namics in ways that cannot be predicted from single-agent experience.
The challenge shifts from pure speed to a negotiation between perfor-
mance and survival, requiring the capacity to anticipate, yield to, or
exploit the behavior of multiple competitors simultaneously.

Here we present a multi-agent reinforcement learning framework
that addresses this challenge, achieving superhuman safe multi-player
quadrotor racing at speeds reaching 22 m /s and accelerations of up to
7 g. Central to our approach is league-play, inspired by league train-
ing [19] and fictitious self-play [35, 36]. Agents train against a diverse,
evolving population of competitors drawn from past training check-
points and from policies obtained through alternative regimes, includ-
ing single-agent and independent multi-agent learning. A permutation-
invariant attention encoder based on Perceiver [37] allows each agent
to process observations invariant to number and order of competi-
tors, while a particle-based downwash model captures the aerody-
namic interactions occurring in close-proximity flight. Through com-
petitive self-play, anticipatory behaviors emerge without explicit pro-
gramming: agents learn to block opponents, yield when overtaking
is unsafe, and account for the aerodynamic wake of nearby vehicles,
discovering the physics of multi-agent interaction through experience
rather than from equations. We validate the framework in real-world
races with up to four competitors. Compared to single-agent baselines,
league-play training reduces collisions by 50% while preserving com-
petitive lap times, and generalizes beyond the number of competitors
seen during training. Policies transfer zero-shot to races against hu-
man expert pilots, achieving over 90% race completion rates. These re-
sults demonstrate that multi-agent reinforcement learning can extend
autonomous aerial systems from isolated operation to safe, high-speed
coordination in shared physical environments.

RESULTS

We evaluate our approach in both real-world and simulated multi-
agent settings. We use a single policy trained with four agents that
generalizes to varying numbers of opponents. In physical experiments,
we race with up to 4 competitors, including a champion-level human
pilot. The policy maintains both safety and competitive performance
across configurations, from solo time trials to dense four-agent races.

In simulation, large-scale evaluations with diverse opponents and as
many as eight agents demonstrate 50% fewer collisions than single-
agent or independently trained policies, highlighting the safety bene-
fits of interaction-aware training. Finally, we examine emergent be-
haviors such as strategic overtaking and opponent awareness through
visualizations of the learned value function.

Champion-level multi-player racing

Physical deployment of our multi-agent framework is validated
through racing experiments spanning time trials, Al-only races, and
mixed human-Al competitions against Marvin Schaepper, five-time
Swiss national drone racing champion. These experiments assess
policies learned entirely in simulation through league-based self-
play, evaluating both competitive performance and safe interaction at
speeds reaching 22 m/s and accelerations of 7 g.

Experimental configurations range from solo time trials to four-
agent races. All platforms share identical hardware: 220-gram, 3-inch
quadrotors with a static thrust-to-weight ratio of 6.5, competing on
the Split-S racetrack, a 75-meter circuit with seven gates established
in prior autonomous racing studies [6, 7]. The human pilot operates us-
ing standard first-person-view equipment consistent with professional
racing practice, while autonomous agents execute learned policies us-
ing motion-capture state estimation. Each agent observes its own state
alongside the relative positions and velocities of all competitors.

Table 1 summarizes performance across all experimental condi-
tions. Average race completion serves as the primary metric for safety
and robustness, measuring the fraction of the race completed before
termination due to collision. A value of 100% corresponds to complet-
ing three laps, requiring successful passage through 21 gates. Lower
values indicate earlier termination, reflecting the agent’s ability to sus-
tain safe, collision-free flight under competitive pressure.

In time trial configuration, our league-play trained policy com-
pleted all 13 trials, achieving the fastest time for the first lap of 5.540's
compared to the human champion’s 6.627 s, and the fastest race com-
pletion of 16.065 s versus 17.109 s. Notably, both the human pilot and
autonomous policy achieved 100% race completion in isolation, with
zero collisions across all trials. Moreover, in the Al-only races shown
in Figure 1A, our league-play policy maintained over 90% race com-
pletion with up to 4 players, highlighting its inherent ability to avoid
collisions while competing.

The benefits of interaction-aware training become apparent under
multi-agent competition. In one-versus-one races, our policy main-
tained 100% race completion across five trials, while the human pilot
averaged only 53.33%. This performance gap suggests that competi-
tive pressure induces riskier behavior in human pilots, a pattern absent
in our learned policies. In the more demanding configuration of three
autonomous agents racing alongside the human pilot, the learned poli-
cies sustained 91.67% completion compared to 58.33% for the human,
despite the increased density of nearby competitors.

Across all configurations, the league-play policy finished ahead of
the human pilot in nearly every race. The sole exception occurred
in one of the three-versus-one trials, where a collision between two
autonomous agents allowed the human pilot to finish second. In
one-versus-one racing, a single mid-air contact occurred between an
autonomous agent and the human pilot, while no human-AI colli-
sions were recorded in the three-versus-one configuration. Analysis
of race trajectories reveals a consistent pattern: the human pilot, typ-
ically trailing the autonomous agents, attempted increasingly aggres-
sive maneuvers to close the gap, often resulting in gate collisions or
loss of control. The learned policies, by contrast, maintained consis-
tent safety margins regardless of competitive standing while using the
given opportunities to overtake. These results suggest that interaction-
aware training produces policies that internalize robust collision avoid-
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Table 1. Real-world racing performance across experimental configurations. Comparison between league-play policy (LP) and expert hu-
man pilot M. Schaepper, five-time Swiss national drone racing champion. Race completion measures the fraction of the three-lap race (21 gates)
completed before termination due to collision. Each race yields one trial per pilot.

Configuration Pilot Number of Avg. Race Best time (1% lap) [s] Best time-to-finish [s]
Trials Completion [%]
) ) LP (ours) 13 100.00 5.540 16.065

Time Trial

M. Schaepper 10 100.00 6.627 17.109
Al Only (2 agents) LP (ours) 6 100.00 5.651 16.308
Al Only (3 agents) LP (ours) 9 100.00 5.624 16.167
Al Only (4 agents) LP (ours) 12 90.87 6.079 16.811

LP (ours) 5 100.00 5.763 16.280
Al vs Human (1v1)

M. Schaepper 5 53.33 6.056 17.087

LP (ours) 12 91.67 5.998 16.639
Al vs Human (3v1)

M. Schaepper 4 58.33 6.554 25.776

ance independent of race dynamics, whereas human pilots modulate
risk-taking based on competitive pressure. This property is essential
for the future deployment of autonomous agents in shared environ-
ments, where predictable and conservative behavior around human
operators is a prerequisite for safe integration.

Large-scale simulated competitions

To evaluate generalization and robustness beyond the training dis-
tribution, we conducted large-scale simulated competitions across
64,000 four-player races. This evaluation tests our approach against
diverse opponent behaviors, including strategies never encountered
during training, and enables systematic comparison across training
paradigms under controlled conditions.

Five training strategies are compared, all trained with Proximal
Policy Optimization (PPO) [38] using recurrent actors and critics with
LSTM layers [39] to maintain temporal context: (i) single-agent poli-
cies trained without opponent observations, serving as a performance
upper bound for lap time but lacking opponent awareness; (ii) indepen-
dent PPO, where four agents are jointly optimized with opponent ob-
servations; (iii) fictitious self-play, where agents train against a history
of their own prior checkpoints; (iv) league-play, which augments ficti-
tious self-play with a fixed pool of single-agent and independent PPO
opponents; and (v) league-play without the Perceiver-based attention
encoder, isolating the contribution of the architecture. All multi-agent
methods except the ablation utilize the Perceiver encoder for process-
ing competitor observations. Full training details are provided in the
Materials and Methods section.

For fair comparison, we include four different checkpoints from
each training strategy to form the evaluation pool. From this pool, we
sampled 1,000 opponent configurations, with each configuration exe-
cuted across 64 races with a grid of varying starting positions such that
all competitors begin at equal distances from the first gate. This proto-
col yields diverse competitive scenarios, enabling direct performance
comparison under identical conditions. Results are summarized in Fig-
ure 1. A clear trade-off between speed and safety emerges across train-
ing paradigms in Figure 1B. Single-agent policies achieve the fastest
average lap time of 4.93 s but exhibit the highest crash rates, failing
to complete the majority of races. Independent PPO (5.02 s) improves
collision avoidance relative to single-agent baselines but remains brit-

tle against unfamiliar opponent strategies. Fictitious self-play (5.06 s)
achieves approximately 80% race completion, indicating substantially
safer behavior at moderate cost to lap time. League-play achieves the
highest race completion among all methods while maintaining an av-
erage lap time of 4.96 s, only 0.03 s slower than the single-agent base-
line. This result demonstrates that diverse opponent exposure during
training produces policies that generalize safely to novel competitive
scenarios with minimal performance cost, validating the core premise
that interaction-aware training is essential for safe multi-agent deploy-
ment.

The crash rate analysis in Figure 1C reveals that opponent collisions
dominate across all methods, with gate and wall collisions contribut-
ing only a small fraction of total failures. This finding underscores
the importance of interaction-aware training: environmental obsta-
cles pose a relatively minor challenge compared to the complexity of
avoiding dynamic competitors. This observation aligns with estab-
lished findings in multi-agent reinforcement learning, where the non-
stationarity introduced by interacting agents presents a fundamentally
harder learning problem than navigating static environments [10, 31].

The ablation without the Perceiver-based attention encoder
presents a notable exception: this variant exhibits higher crash rates
into gates than into opponents, suggesting that naive concatenation of
opponent observations disrupts overall policy performance. Because
concatenation assumes fixed-size, ordered inputs, missing or arbitrar-
ily ordered observations degrade behavior substantially. This confirms
that the attention-based encoder is essential for safe multi-agent coor-
dination. Figure 1D illustrates a simulated race in which two single-
agent policies collide at the first gate.

The distribution of final race rankings in Figure 1E further illus-
trates the trade-off between aggressive and safe strategies. Single-
agent policies achieve the highest proportion of first-place finishes,
optimizing purely for speed without yielding to competitors. However,
this apparent advantage is offset by disproportionately high crash rates:
single-agent policies, trained purely for time-optimal flight without
explicit interaction-awareness, fail to finish far more often than other
methods. League-play, by contrast, rarely ranks last and maintains
the most consistent placement across the top positions, demonstrating
that interaction-aware training enables competitive performance with-
out the catastrophic failure modes of opponent-agnostic approaches.
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Figure 1. A, Long-exposure photograph of real-world deployment with four agents competing simultaneously. B, Large-scale evaluation of over
64,000 simulated four-player races comparing average lap time against race completion rate. Real-world data points indicate median lap times
from all four-player races for our policy and the expert human pilot. C, Crash rates from the large-scale evaluation in B, classified by collision
type: gate, wall, or opponent. D, Sample race from the evaluation in B illustrating typical failure modes: two single-agent policies (blue) collide

before the first gate, while league-play (orange) and self-play (yellow) continue racing. E, Distribution of finishing positions per method across
all races from the large-scale evaluation in B.
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Figure 2. A, Average race completion through self-evaluation with identical policies from solo to 8-player races. Each data point represents four
policies per method, each completing 64 races with varied starting positions. Shaded regions indicate the average of standard deviations per pol-
icy. B, Crash rates by collision type (gate, wall, opponent) from the races completed in A. C, Sample races illustrating behavioral differences.
Single-agent policies collide with 85% probability at the first gate in four-player races. The independent PPO example shows agents from the
same training run achieving collision-free racing through implicit coordination; this behavior does not generalize, dropping to approximately

60% race completion in self-evaluation. League-play trains against diverse opponents, producing strategies that remain robust across agent con-
figurations.
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In a winner-takes-all setting where only first place matters, the higher
win rate of time-optimal (single-agent) policies may outweigh their
higher crash rate; under any scoring that rewards consistent finishing,
league-play is preferred. The reward formulation affords a degree of
control over this balance through the proximity coefficient, see Sup-
plementary Fig. S1.

Safe multi-agent coordination at scale

To evaluate scalability beyond training conditions, we conducted self-
evaluation experiments where identical policies race against identical
copies of themselves with progressively increasing competitor counts,
from solo to 8-player races in Figure 2A and 2B. This protocol tests
generalization to agent densities exceeding the maximum of four op-
ponents encountered during training. Single-agent policies exhibit
severe performance degradation as the density of the competitors in-
creases. Without opponent awareness, these policies select identical
racing lines, resulting in a collision probability of 85% at the first gate
in four-player configurations. This failure mode highlights the funda-
mental inadequacy of opponent-agnostic approaches for multi-agent
deployment.

Independent PPO agents, despite training with opponent observa-
tions, exhibit a different failure mode. Agents from the same training
run achieve near-perfect collision avoidance through implicit coordi-
nation, converging to complementary racing lines visualized in Fig-
ure 2C. However, this coordination does not generalize: when each
independently learned policy is evaluated against itself, race comple-
tion drops to approximately 60%. This brittleness indicates overfitting
to specific co-training partners rather than learning robust interaction
strategies.

Both fictitious self-play and league-play maintain approximately
90% race completion at four agents, the configuration used during
training, as both methods train against historical checkpoints of their
own policies. However, their generalization diverges at higher agent
densities: league-play sustains higher completion rates as competi-
tor count increases, gradually decreasing to 56% at eight competing
agents. This advantage comes from exposure to various types of op-
ponents during training, including single-agent and independent PPO
policies, which produces strategies robust to varied interaction pat-
terns. Crash rate analysis shown in Figure 2B confirms that league-
play achieves the lowest collision rates across all categories, demon-
strating that opponent diversity during training translates directly into
safer multi-agent coordination. Averaged across all agent counts,
league-play reduces the average crash rate by over 50% relative to
single-agent policies (23.30% versus 77.99%).

Emergent anticipatory behaviors

Understanding what policies learn is essential for deploying au-
tonomous systems safely alongside humans. To interpret our learned
policies, we analyze the critic network used during multi-agent train-
ing. By systematically varying components of the state input, such as
ego position or opponent positions, we can visualize how the learned
value function responds to different competitive scenarios. This ap-
proach reveals the strategic reasoning that emerges from interaction-
based training and provides insight into how agents assess risk in the
presence of competitors.

Figure 3A shows the value function at four time steps during a
real-world overtaking maneuver, obtained by sweeping the ego agent’s
position in the (X, Z) plane while opponent world positions and all
other kinematic states remain fixed. The resulting field encodes the
expected return for occupying each (X, Z) position under the current
configuration, rather than a destination preference. The value function
exhibits clear spatial structure reflecting learned awareness of colli-
sion risk: regions near opponents show reduced values, while regions

clear of opponents and aligned with race progress retain high values.
Importantly, this awareness is anticipatory rather than purely reactive.
Low-value regions extend ahead of opponent positions along their pro-
jected trajectories, indicating that agents learn to reason about future
collisions rather than responding only to immediate proximity, which
can be interpreted as implicitly learning a world-model of the interac-
tions.

The corresponding real-world trajectories in Figure 3B demon-
strate these behaviors in practice. At the Split-S gate, requiring pas-
sage through an upper gate followed by a lower gate, the ego agent (or-
ange) executes a successful overtake of opponent 2 (red) while main-
taining safe separation from opponent 1. The value function snapshots
reveal how the agent’s assessment evolves throughout this maneuver:
as the ego agent commits to the overtake, low-value regions track
opponent positions, guiding the policy toward collision-free trajec-
tories without sacrificing competitive positioning. We observed sev-
eral successful overtakes across the real-world races, although such
events remain infrequent given that competing policies fly close to
time-optimal trajectories.

Safe coordination at high speeds also requires accounting for aero-
dynamic interactions between vehicles. We integrate an approximate
downwash simulation into the training environment shown in Fig-
ure 3C, exposing agents to thrust disturbances from nearby competi-
tors. This physical coupling encourages learned policies to maintain
safe separation distances that account for aerodynamic effects beyond
collision geometry alone. Details of the downwash model are pro-
vided in Materials and Methods.

DISCUSSION

This work demonstrates that multi-agent reinforcement learning,
grounded in diverse self-play and physical interaction modeling, can
achieve safe high-speed coordination in shared environments. By
training against a league of opponents with varied strategies, our poli-
cies develop robust collision avoidance that generalizes beyond train-
ing conditions, enabling competitive performance against champion-
level human pilots while maintaining consistent safety margins. These
results establish autonomous quadrotor racing as a proving ground for
multi-agent systems that must operate alongside humans. A central
finding is that interaction-aware training fundamentally changes how
policies behave under competitive pressure. Human pilots, when trail-
ing competitors, adopt increasingly aggressive strategies that elevate
collision risk. Our learned policies, by contrast, maintain consistent
safety margins, whether leading or trailing. This behavioral differ-
ence has important implications beyond racing: in any shared environ-
ment where humans and autonomous systems interact, predictable and
conservative behavior from autonomous agents is essential for safe
integration. The ability to train policies that internalize such behav-
ior through self-play, without explicit safety constraints, suggests a
promising path toward autonomous systems that are safe by design
rather than by restriction.

The generalization properties of league-play trained policies merit
particular attention. Training against diverse opponents, including
single-agent policies that ignore competitors and independent learn-
ers that overfit to specific partners, produces robust strategies to novel
interaction patterns. This diversity is essential: fictitious self-play
alone exhibits degraded performance at higher agent densities, likely
due to limited exposure to high-risk strategies employed by single-
agent policies that prioritize speed over safety. Independently learned
policies further expand the behavioral distribution, as joint optimiza-
tion produces agents with distinct racing lines and interaction patterns
that differ substantially from self-play dynamics. League-play main-
tains competitive performance even with eight simultaneous competi-
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Figure 3. A, Learned value function visualized by varying the ego agent position in the (X, Z) plane while fixing opponent positions. Trajec-
tories are from a real-world overtaking maneuver at the Split-S gate, where competitors pass through an upper gate followed by a lower gate.

The ego agent (orange) overtakes opponent 2 (red) across the four time steps shown. Low-value regions near opponents reflect learned collision
avoidance, while high values indicate regions of greater expected reward. For positions beyond the next gate, the visualization assumes the gate
has been passed to avoid artificially low values from the agent seeking to return. B, Corresponding real-world trajectories showing the ego agent
overtaking opponent 2 while avoiding opponent 1. C, Particle-based downwash simulation for a quadrotor moving in the positive X direction.
This aerodynamic interaction model is integrated into the training simulator, allowing agents to experience the physical effects of nearby competi-
tors.
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tors, twice the maximum encountered during training. For real-world
deployment, where the space of possible interactions is vast and un-
predictable, such generalization is not merely desirable but necessary.
Although the deployed policies share a single network architecture,
both the training league and the large-scale evaluation place the frame-
work in direct contact with heterogeneous policy populations span-
ning multiple learning paradigms, providing empirical evidence that
interaction-aware behavior emerges from behaviorally distinct agents
rather than only among homogeneous copies.

The Perceiver-based attention encoder proves essential for translat-
ing opponent observations into safe behavior. Our ablation reveals that
naively incorporating opponent information without appropriate ar-
chitectural processing degrades performance below single-agent base-
lines. This finding underscores a broader point: multi-agent learning
requires not only appropriate training paradigms but also neural archi-
tectures capable of representing variable numbers of dynamic entities.
The permutation-invariant structure of attention mechanisms provides
a natural solution, enabling policies that scale gracefully as the num-
ber of competitors changes.

While these results establish the viability of multi-agent reinforce-
ment learning for safe high-speed coordination, two principal direc-
tions for future work emerge. First, our system operates with full
state observations from motion capture, providing measured metric
positions and velocities of all agents regardless of their location on
the track. Human pilots, by contrast, rely solely on onboard camera
images and can only observe competitors within their field of view.
This sensing asymmetry, combined with the latency and bandwidth
constraints of human visual processing, partially accounts for the per-
formance gap between autonomous and human pilots [6, 7]. Devel-
oping vision-based policies that operate under comparable perceptual
constraints remains an important direction for future work and would
provide a fairer comparison of strategic reasoning capabilities [9]. Sec-
ond, while our approach demonstrates generalization across diverse
opponents, all experiments were conducted on a single track layout.
Human pilots readily transfer racing skills to novel configurations,
whereas our policies would require retraining for different environ-
ments. Extending league-play to incorporate randomization over track
geometry could address this limitation [40], enabling policies that gen-
eralize across both opponents and environments. The combination of
opponent diversity and environmental diversity may prove synergistic,
producing policies robust to the full range of variation encountered in
real-world deployment.

Looking ahead, the framework presented here extends naturally to
domains beyond racing. Warehouse logistics, urban air mobility, and
search and rescue all require multiple autonomous agents operating
safely in shared physical space, often alongside humans. The core
insight that training in diverse multi-agent settings produces general-
izable and safe interaction strategies should transfer to these domains.
League-based training could incorporate not only autonomous oppo-
nents but also models of human behavior, further improving the abil-
ity of learned policies to anticipate and accommodate human actions.
We recognize that capabilities enabling tight formation flight, strategic
maneuvering, and robustness to physical disturbances could have ap-
plications beyond their intended scope. This research was conducted
for civilian and sporting applications, and for the scientific advance-
ment of embodied AIl. We encourage responsible adaptation of these
methods and discourage their use in applications that could in any way
cause harm to humans. Beyond these considerations, learned policies
that reason about future collisions through training rather than explicit
rules present challenges for accountability. In human-in-the-loop de-
ployment, establishing responsibility for unintended harm requires un-
derstanding how policies assess risk. The value function analysis pre-
sented in this work offers one path forward: by visualizing how agents

evaluate proximity to opponents and anticipate collision regions, we
can inspect the learned representations underlying safety-critical de-
cisions. Developing such interpretability tools will be essential for
responsible deployment of interaction-aware autonomous systems in
multi-agent environments.

More broadly, this work contributes to a growing body of evidence
that competitive self-play, long successful in game-playing Al [16—
20], can produce meaningful advances in physical robotics. The
key enablers are simulation environments rich enough to capture rel-
evant physical interactions and training frameworks diverse enough
to prevent strategic overfitting. As simulation fidelity continues to
improve and compute costs decrease, the scope of behaviors achiev-
able through self-play will expand accordingly. We anticipate that
multi-agent learning will become an essential tool for developing au-
tonomous systems capable of safe, effective operation in the complex
and dynamic environments that define real-world deployment.

MATERIALS AND METHODS

Simulation environment

We train and evaluate policies in simulation using Flightmare [41] in-
tegrated with the Agilicious framework [42], which provides high-
fidelity dynamics for large-scale reinforcement learning. We ex-
tended the simulator to support multiple quadrotors simultaneously,
enabling collision detection and aerodynamic interactions between
agents. Multi-agent training is parallelized across 144 environments,
each simulating four quadrotors, to accelerate data collection while
exposing agents to varied multi-agent interaction dynamics. The indi-
vidual quadrotor dynamics are simulated as

- ] - I Z]W T
Pws 0
. q.WB qws wg)2 1
) ZV; (a5 © Forop + faer) ) +8w | W
A T~ (Tprop + Taero — wp X Jwp)
0L o (s — Q) |

where © represents quaternion rotation, Pws> 9wss 0w, and wp
denote the position, orientation quaternion, inertial velocity, and body
rates of the quadrotor, respectively. The motor time constant is kmot,
and the motor speeds () and () are the actual and steady-state motor
speeds, respectively. The matrix J is the inertia, and g,,, denotes the
gravity vector. The force and torque contributions of the propeller and
motor unit, as well as aerodynamic effects are denoted by fpmp, Tprop
and faero, Taero- Propeller forces and torques ( fpmp, ‘rprop) are com-
puted using a quadratic thrust model with data-driven augmenta-
tion for computational efficiency during training [6, 43]. Aerody-
namic forces and torques ( faem, Taem) capture drag effects at high
speeds. For multi-agent training, the simulator runs multiple quadro-
tor instances in parallel, with each agent subject to identical dynam-
ics. Aerodynamic interactions between agents are modeled through
a particle-based downwash simulation described in the following sec-
tion.

Downwash simulation and interactions

Multi-player racing requires modeling aerodynamic interactions be-
tween closely flying quadrotors, as propeller downwash creates signif-
icant disturbances that affect flight dynamics during close-proximity
maneuvers. We developed a particle-based simulation that provides
a computationally tractable approximation of these effects. Building
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on characterizations of quadrotor airflow as turbulent jets [44], our
approach models downwash through particles emitted beneath each
quadrotor proportional to thrust output. The initial particle velocity v;
follows momentum theory for propeller-induced flow:

T
vi V 20 Aprop 2)

where T is the instantaneous thrust, p is air density, and AProp is the
propeller disk area. In every simulation step, 96 particles are emitted
in a conical distribution beneath each rotor, with velocities that spread
spatially and decay temporally according to turbulent jet characteris-
tics. The local airspeed due to downwash can then be obtained by inter-
polating from nearby particles. The resulting wind field (shown in Fig-
ure 3C for a drone flying at a constant velocity) creates local wind dis-
turbances that modify the aerodynamic forces experienced by nearby
agents. These wind fields are integrated into each quadrotor’s drag
model by computing the relative airspeed between the vehicle and lo-
cal flow. Agents flying through opponent downwash experience al-
tered aerodynamic forces, requiring compensatory control responses.
While this approach simplifies the full complexity of the aerodynamic
interactions and the airflow model is only a very coarse approxima-
tion, it captures the dominant effects relevant to close-proximity flight.
We further verify the importance of modeling these aerial interactions
for training multi-agent policies in an experiment reported in Supple-
mentary Fig. S3.

Multi-agent RL framework

Problem formulation

We formulate multi-agent racing as a Markov game [45], the multi-
agent extension of the Markov decision process (MDP) used in single-
agent reinforcement learning. The environment is shared between N
agents, where at every time-step f each agent i observes its own state

St ego and the states of other agents sy other = {sEth o) j#i- Each agent
seeks to maximize its expected cumulative reward given its own policy
Tlego and the policies of other agents 7Tyer:

T
](nego) = lEﬂegmﬂomer Z 7trt ‘ St,egos St,other 3)
t=0

where 7y is the discount factor and r; is the reward at time-step f. The
expectation is taken over trajectories induced by both the ego policy
and opponent policies. Unlike single-agent settings, the optimal policy
depends on the behavior of other agents, motivating training against
diverse opponents.

Observation and action spaces
The ego state s ¢go follows the formulation of [7]:

Stego = [P/ v, R, 8corners, gnext] 4

where p € R3 is the ego position, v € R3 is the ego velocity,
R € R3*3 is the ego rotation matrix, gcorners € R'? contains dis-
tances from the ego agent to the four corners of the next gate, and
Enext € R'2 encodes the relative difference in gate corner distances
between the next two consecutive gates. Opponent observations for
each competitor j are defined as:

e = [P0 0] s

t,other rel Vrel

where piél) € R3 and vr(él) € R3 denote the relative position and
velocity of opponent j with respect to the ego agent.

The action space consists of collective thrust and body rate com-

mands a; = [C, Wy, Wy, wz] € R*, where ¢ is the mass-normalized

collective thrust and w = [wy, wy, w;] are the commanded body
rates. This control interface provides direct access to the vehicle’s
agility while relying on a low-level controller to track the commanded
rates [6, 7]. The commanded collective thrust is bounded by the max-
imum achievable motor thrust (14 N total), ensuring policy outputs
remain within physically realizable limits; see Supplementary Materi-
als for hardware specification details.

Policy architecture

To handle variable numbers of competitors, opponent observations
{SE,]gther}jli _11 are processed through a Perceiver-based attention en-
coder [37]. The encoder uses 4 learned latent queries, each attending
to the full set of opponent observations via 4-head cross-attention with
a head dimension of 32, producing a fixed-dimensional, permutation-
invariant representation regardless of the number of competitors. To
isolate the contribution of this architectural choice, we evaluate an ab-
lation that removes the Perceiver encoder and instead concatenates a
fixed-length opponent representation directly with the ego state. This
baseline accommodates up to 10 opponents by zero-padding absent
observations, yielding a flattened input vector that lacks permutation
invariance and scales poorly with competitor count. The encoding is
concatenated with the ego state and passed to recurrent actor and critic
networks.

Both actor and critic networks comprise a single LSTM layer with
256 hidden units followed by two fully connected layers with 512
units each. LeakyReLU activations are used throughout the network,
with the exception of the actor output layer, which employs a hyper-
bolic tangent to bound actions within a normalized range. The re-
current architecture enables agents to maintain beliefs about opponent
intentions and race dynamics across time steps, capturing temporal de-
pendencies that are critical for anticipatory behavior. An architectural
overview is provided in the Supplementary Fig. S2.

League-play training

Policies are trained using a recurrent variant of Proximal Policy Op-
timization (PPO)[38] for 5,500 iterations totaling 200 million envi-
ronment interactions, requiring approximately 27 hours of wall-clock
time on a single NVIDIA RTX 4090 GPU; full hyperparameters and
additional training details are reported in the Supplementary Materi-
als. Our implementation builds on Stable-Baselines3 [46], extended to
support multi-agent training with league-based self-play and indepen-
dent learning configurations. Training follows a league-play paradigm
inspired by [19]. In each training iteration, a single learning agent
is paired with opponents sampled from two distinct pools: histori-
cal checkpoints from its own training (fictitious self-play) and a fixed
league of diverse opponents. With probability 75%, opponents are
drawn from the agent’s own checkpoint history; otherwise, opponents
are sampled from the league pool. For fictitious self-play, checkpoints
are saved every 100 iterations, accumulating approximately 55 snap-
shots over the course of training. To ensure the learning agent faces
increasingly competent opponents as training progresses, checkpoint

selection follows a power-law distribution P(k) = Z,fh o k e
j=1

{1,...,K} where k is the checkpoint index ordered chronologically
such that k = 1 corresponds to the earliest checkpoint and k = K
to the most recent, K is the total number of saved checkpoints, and
« = 0.9 is the power-law exponent. This weighting biases sampling
toward more recent checkpoints, which exhibit stronger performance,
while maintaining non-zero probability of encountering earlier strate-
gies to prevent catastrophic forgetting of responses to suboptimal play.
The league pool contains 20 fixed policies capturing diverse competi-
tive behaviors: four single-agent policies optimized purely for lap time
without opponent awareness, and sixteen independently trained PPO
policies drawn from four jointly trained agents at various stages of
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training. Single-agent opponents contribute aggressive, high-risk rac-
ing strategies, while independent PPO policies introduce varied racing
lines and interaction patterns emerging from simultaneous multi-agent
optimization. In the independent PPO baseline, four agents are trained
simultaneously within each environment, each maintaining separate
policy and value networks; rollouts are collected from shared races in
which all four agents act concurrently, and each network is updated
using PPO from its own observed transitions.

This diversity exposes the learning agent to competitive scenarios
absent from self-play alone, where opponents share similar strategic
tendencies. While joint optimization in independent PPO produces
coordinated behavior among co-trained agents, such coordination fails
to generalize beyond specific training partners, as demonstrated in our
experimental evaluation.

Curriculum learning

Training multi-agent policies from scratch presents significant explo-
ration challenges, as agents must simultaneously learn aggressive
flight control and opponent-aware behavior. We address this through
a staged curriculum that progressively increases the difficulty of the
task.

Initially, opponent agents are invisible and non-collidable, allow-
ing the ego agent to first acquire proficient single-agent racing behav-
ior. As training progresses, opponents become visible, and physical
interactions are enabled, shifting the learning objective toward multi-
agent coordination. The dimensions of the gates are initialized at the
nominal size of 2x and gradually reduced to 1X, relaxing the preci-
sion requirements during early exploration.

To ensure robust performance from race start conditions, we em-
ploy curriculum-based initialization using an initial state buffer. Dur-
ing training, episodes are initially initialized predominantly from
states sampled on the track to encourage exploration. As training pro-
gresses, the probability of initialization at the start of the race increases
from 5% to 95%, ensuring that the final policy performs reliably under
competition conditions where all agents begin simultaneously.

Domain randomization

To bridge the simulation-to-reality gap and prevent policies from mem-
orizing control sequences, we employ domain randomization across
vehicle dynamics and initial conditions [6, 7]. Despite access to accu-
rate dynamics models, drone-to-drone variation and complex aerody-
namic effects necessitate robust policies that generalize across param-
eter ranges.

During training, we randomize thrust and torque coefficients by
+10%, body drag by +10%, inertia by +10%, and mass by +5%.
A random actuation delay of up to 40ms is applied to account for
communication and processing latencies. The initial conditions are
sampled uniformly around the nominal starting configuration: the
position varies by £0.5m in the horizontal plane and £0.3 m verti-
cally, the velocity by +0.5m/s per axis, the attitude by +20deg,
and the body rates by +25deg/s. This randomization ensures that
the learned policies respond to environmental feedback rather than ex-
ecuting open-loop trajectories, enabling successful zero-shot transfer
to physical hardware.

Reward function

Following established practice in learned quadrotor control [7], we
employ a dense, shaped reward function that provides continuous feed-
back throughout each episode. The reward function extends previous
work with additional terms to account for multi-agent interaction and
competitive racing. For non-terminal time steps, the per-step reward
is defined as

prog _ Lw

TOX k
re=r} =N e, (6)

The individual reward components are given by

ot = M(di —dy), (7)

e = Aol ()]
rlgank = A3 N — (rz;illkt - 1) , )
ox _ [Qallvill+ D exp(=Asdr), ifdopp < 2dea 10
t 0, otherwise.

Here, d; denotes the distance to the next gate center, w; is the body
rate, v; is the velocity, N is the number of agents, and rank; €
{1,..., N} is the current ranking based on race progress, derived from
the number of passed gates and distance to the next gate. The prox-
imity term activates when the distance to the nearest opponent dopp
falls below twice the collision radius d¢;; = 0.1 m, with normalized
separation d; = (dopp — dcol) / dcor- This collision radius is chosen to
match the physical extent of the quadrotor platform.

Collisions with walls, gates, or other agents terminate the episode.
Rather than including collision penalties in the per-step reward, a ter-
minal penalty is applied at the final time step: wall and inter-agent
collisions incur a penalty proportional to impact velocity ||v¢||, with
the inter-agent term additionally scaled by A4 to maintain consistency
with the velocity-dependent proximity penalty, while gate collisions
incur a penalty proportional to the squared traversal error eéaw. Both
cases include a constant offset of —1 to discourage any collision re-
gardless of severity. To account for scenarios where vehicles make
brief contact but remain airworthy, 10% of inter-agent collisions are
randomly selected to be non-terminal, allowing the episode to con-
tinue after the collision penalty is applied. This stochastic termination
reflects the reality that not all mid-air contacts result in catastrophic
failure, encouraging policies to recover from minor collisions rather
than treating any contact as terminal. When an inter-agent collision
terminates the episode for both involved agents, final rankings are de-
termined by their relative race progress immediately prior to impact,
computed from the number of gates passed and proximity to the next
gate.

The progress term rfmg incentivizes advancement toward the next
gate, while the body rate penalty r{” promotes smooth and dynami-
cally feasible flight. The proximity penalty rlt)rox provides a contin-
uous shaping signal that discourages unsafe close approaches to op-
ponents before physical contact occurs, and the ranking reward r?“k
encourages competitive behavior by rewarding relative race position.
This reward structure yields policies that balance aggressive racing
with safety-conscious decision making. The coefficient values are pro-
vided in the Supplementary Material, along with an ablation study on
the proximity coefficient A4 (Supplementary Fig. S1) that character-
izes the resulting trade-off between lap time and race completion.

Real-world deployment

Real-world experiments were conducted in an indoor flight arena
equipped with a 42-camera motion capture system providing state esti-
mation at up to 400 Hz. The racetrack comprises seven gates arranged
in an approximately 75-meter circuit, including a Split-S maneuver
requiring sequential passage through vertically stacked gates. This
configuration demands aggressive three-dimensional flight with rapid
altitude changes, representative of professional drone racing courses.
All quadrotors are identical racing platforms based on the Agili-
cious framework [42], with a mass of 220 = 3 g and a thrust-to-weight
ratio of 6.5 and 3-inch propeller diameter. This standardization en-
sures that performance differences arise from policy behavior rather
than hardware variation. The policy outputs collective thrust and
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body rate commands, which are tracked by a low-level controller run-
ning onboard each vehicle. Although each agent computes commands
based only on its own observations, all policy inference runs offboard
on a single desktop computer, highlighting the lightweight computa-
tional requirements of the architecture. Autonomous agents execute
learned policies at 50 Hz control frequency, receiving ego state and
opponent observations from the motion capture system. Despite the
simulation dynamics model incorporating real-world data, no further
policy fine-tuning was performed; all real-world flights use zero-shot
transfer.

Race starts were initiated via audio signal to ensure identical tim-
ing information for all participants. To match typical human reaction
times, autonomous agents begin execution with a random delay sam-
pled between 50 and 250 ms following the start signal. In mixed
human-AlI races, the human pilot selected their starting position sub-
ject to the constraint that distances to other agents and to the first gate
remained equal across all competitors.

Agents are positioned along an arc at equal distance to the first
gate, with 1 m spacing between adjacent starting positions. In mixed
human-Al races, the human pilot selected their position along this arc,
maintaining equal distance to the gate and neighboring competitors.
While autonomous agents initialize from a stable hover, the human
pilot preferred launching from a stationary podium, eliminating the
cognitive load of maintaining position during the audio start signal
countdown.

The human pilot was familiar with the track layout due to several
prior experiments [6, 7] and was provided two hours of practice flights
before recorded trials to ensure performance representative of expert-
level racing. This protocol ensures that observed differences between
human and autonomous performance reflect strategic and perceptual
factors rather than track unfamiliarity.

Time-trial performance confirms the human pilot’s champion-level
skill: measured from first gate passage within longer multi-lap ses-
sions where approach speed was already established, his best single
lap (5.195s) and three-lap (15.69s) times closely match our policy’s
best recorded times (5.10s and 15.62s). This near-parity in isolated
flight establishes a matched baseline, ensuring that performance dif-
ferences observed in multi-agent races reflect competitive dynamics
rather than disparities in fundamental piloting capability.

Human pilot impressions

The following statements summarize the qualitative impressions of ex-
pert pilot Marvin Schaepper after racing against autonomous agents.
He highlighted the agents’ ability to maintain extremely tight forma-
tions, noting that such close-proximity flight would be difficult for
human pilots to sustain. In addition, he reported that densely packed
groups increased cognitive workload, making it challenging to antici-
pate and execute overtaking maneuvers when several opponents were
flying in close proximity. With respect to race dynamics, he empha-
sized the importance of the start phase, observing that falling behind
early often forces human pilots to adopt riskier trajectories in an at-
tempt to recover position, which in turn increases the likelihood of
crashes. These impressions are consistent with our quantitative find-
ings and support the conclusion that human pilots adapt their risk tol-
erance based on race context, while the learned policies exhibit more
stable and safe behavior across varying conditions.

ACKNOWLEDGMENTS

We thank Ben Moran, Simon Osindero, Rudolf Reiter, Yunfan Ren,
Jiaxu Xing, Elie Aljalbout, Yifan Zhai, Dimosthenis Angelis, and Yan-
nick Armati for feedback on earlier drafts, valuable discussions, and
assistance with the real-world experiments. We are grateful to Marvin

Schaepper for his expert participation in the human-Al racing trials
and for sharing his qualitative impressions of competing against mul-
tiple autonomous agents.

Funding: This work was supported by the European Unions Hori-
zon Europe Research and Innovation Programme under grant agree-
ment No. 101120732 (AUTOASSESS), the European Research Coun-
cil (ERC) under grant agreement No. 864042 (AGILEFLIGHT), and
the UZH Candoc Grant, grant no. FK-25-010.

Author contributions:  1.G. formulated the main ideas, implemented
the system, performed all experiments and data analysis, and wrote
the paper. L.B. contributed to the main ideas, implementation, exper-
iments, data analysis, multimedia materials. M.W. contributed to the
main ideas, project conception, the experimental design, and paper
writing. D.S. contributed to the main ideas, project conception, paper
writing, and provided funding.

Competing interests:  There are no competing interests to declare.

Data and materials availability: ~ All (other) data needed to evalu-
ate the conclusions in the paper are present in the manuscript or
the Supplementary Material. Correspondence and requests for ma-
terials should be addressed to I.G. Motion capture recordings of the
racing trajectories are available at https://doi.org/10.5281/zenodo.
20190159

Research Ethics:  The study has been conducted in accordance with
the Declaration of Helsinki. The study protocol is exempt from re-
view by an ethics committee according to the rules and regulations
of the University of Zurich, because no health-related data has been
collected. The participants gave their written informed consent before
participating in the study.

Supplementary materials:
Supplementary Text

Figs. S1to S3

Tables S1 to S4

Movie S1

Project Website

REFERENCES

1. T.Miki, J. Lee, J. Hwangbo, L. Wellhausen, V. Koltun, M. Hutter, Learn-
ing robust perceptive locomotion for quadrupedal robots in the wild,
Science Robotics p. eabk2822 (2022).

2. J. Lee, J. Hwangbo, L. Wellhausen, V. Koltun, M. Hutter, Learning
quadrupedal locomotion over challenging terrain, Science Robotics p.
eabc5986 (2020).

3. J. Wu, R. Antonova, A. Kan, M. Lepert, A. Zeng, S. Song, J. Bohg,
S. Rusinkiewicz, T. Funkhouser, Tidybot: personalized robot assis-
tance with large language models, Auton. Robots p. 10871102 (2023).

4. Z.Fu, T. Z. Zhao, C. Finn, Mobile aloha: Learning bimanual mobile
manipulation with low-cost whole-body teleoperation, Conference on
Robot Learning (CoRL) (2024).

5. A. Loquercio, E. Kaufmann, R. Ranftl, M. Mdller, V. Koltun, D. Scara-
muzza, Learning high-speed flight in the wild, Science Robotics p.
eabg5810 (2021).

6. E. Kaufmann, L. Bauersfeld, A. Loquercio, M. Miiller, V. Koltun,
D. Scaramuzza, Champion-level drone racing using deep reinforce-
ment learning, Nature 982—987 (2023).

7. Y. Song, A. Romero, M. Miller, V. Koltun, D. Scaramuzza, Reaching
the limit in autonomous racing: Optimal control versus reinforcement
learning, Science Robotics p. eadg1462 (2023).

8. S. A. Bahnam, R. Ferede, T. M. Blaha, A. E. Lang, E. Lucassen,
Q. Missinne, A. E. Verraest, C. De Wagter, G. C. de Croon, Mono-
race: Winning champion-level drone racing with robust monocular ai,
arXiv preprint arXiv:2601.15222 (2026).


https://doi.org/10.5281/zenodo.20190159
https://doi.org/10.5281/zenodo.20190159
https://youtu.be/TSwtrHQgjD8
https://rpg.ifi.uzh.ch/marl

Research Article: Preprint 2026

9.

20.

21.

22.

23.

24.

25.

26.

University of Zurich and Google DeepMind 12

I. Geles, L. Bauersfeld, A. Romero, J. Xing, D. Scaramuzza, Demon-
strating Agile Flight from Pixels without State Estimation, Proceedings
of Robotics: Science and Systems (2024).

S. Gronauer, K. Diepold, Multi-agent deep reinforcement learning: a
survey, Artificial Intelligence Review 895-943 (2022).

M. Cusumano-Towner, D. Hafner, A. Hertzberg, B. Huval, A. Petrenko,
E. Vinitsky, E. Wijmans, T. Killian, S. Bowers, O. Sener, P. Krédhen-
buhl, V. Koltun, Robust autonomy emerges from self-play, Proceedings
of the 42nd International Conference on Machine Learning, |ICML25
(JMLR.org, 2025).

P. R. Wurman, S. Barrett, K. Kawamoto, J. MacGlashan, K. Subra-
manian, T. J. Walsh, R. Capobianco, A. Devlic, F. Eckert, F. Fuchs,
L. Gilpin, P. Khandelwal, V. Kompella, H. Lin, P. MacAlpine, D. Oller,
T. Seno, C. Sherstan, M. D. Thomure, H. Aghabozorgi, L. Barrett,
R. Douglas, D. Whitehead, P. Dirr, P. Stone, M. Spranger, H. Ki-
tano, Outracing champion gran turismo drivers with deep reinforce-
ment learning, Nature 223-228 (2022).

M. Bowling, N. Burch, M. Johanson, O. Tammelin, Heads-up limit hol-
dem poker is solved, Science 145-149 (2015).

N. Brown, T. Sandholm, Superhuman ai for heads-up no-limit poker:
Libratus beats top professionals, Science 418—424 (2018).

N. Brown, T. Sandholm, Superhuman ai for multiplayer poker, Science
885-890 (2019).

G. Tesauro, Temporal difference learning and TD-Gammon, Commu-
nications of the ACM 58—68 (1995).

D. Silver, A. Huang, C. J. Maddison, A. Guez, L. Sifre, G. Van
Den Driessche, J. Schrittwieser, I. Antonoglou, V. Panneershelvam,
M. Lanctot, S. Dieleman, D. Grewe, J. Nham, N. Kalchbrenner,
I. Sutskever, T. Lillicrap, M. Leach, K. Kavukcuoglu, T. Graepel, D. Has-
sabis, Mastering the game of Go with deep neural networks and tree
search, Nature 484—489 (2016).

D. Silver, J. Schrittwieser, K. Simonyan, |. Antonoglou, A. Huang,
A. Guez, T. Hubert, L. Baker, M. Lai, A. Bolton, Mastering the game of
Go without human knowledge, Nature 354—-359 (2017).

O. Vinyals, I. Babuschkin, W. M. Czarnecki, M. Mathieu, A. Dudzik,
J. Chung, D. H. Choi, R. Powell, T. Ewalds, P. Georgiev, Grandmaster
level in StarCraft Il using multi-agent reinforcement learning, Nature
350-354 (2019).

C. Berner, G. Brockman, B. Chan, V. Cheung, P. Debiak, C. Dennison,
D. Farhi, Q. Fischer, S. Hashme, C. Hesse, R. Jozefowicz, S. Gray,
C. Olsson, J. Pachocki, M. Petrov, H. P. d.O. Pinto, J. Raiman, T. Sali-
mans, J. Schlatter, J. Schneider, S. Sidor, I. Sutskever, J. Tang, F. Wol-
ski, S. Zhang, Dota 2 with large scale deep reinforcement learning,
arXiv preprint arXiv:1912.06680 (2019).

M. Jaderberg, W. M. Czarnecki, I. Dunning, L. Marris, G. Lever, A. G.
Castaneda, C. Beattie, N. C. Rabinowitz, A. S. Morcos, A. Ruder-
man, others, Human-level performance in 3D multiplayer games with
population-based reinforcement learning, Science 859-865 (2019).

M. Lanctot, V. Zambaldi, A. Gruslys, A. Lazaridou, K. Tuyls, J. Pérolat,
D. Silver, T. Graepel, A unified game-theoretic approach to multiagent
reinforcement learning, Advances in Neural Information Processing Sys-
tems 30 (2017).

D. Balduzzi, M. Garnelo, Y. Bachrach, W. Czarnecki, J. Perolat,
M. Jaderberg, T. Graepel, Open-ended learning in symmetric zero-
sum games, International Conference on Machine Learning 434—443
(2019).

S. Liu, G. Lever, Z. Wang, J. Merel, S. M. A. Eslami, D. Hennes,
W. M. Czarnecki, Y. Tassa, S. Omidshafiei, A. Abdolmaleki, N. Y.
Siegel, L. Hasenclever, L. Marris, S. Tunyasuvunakool, H. F. Song,
M. Wulfmeier, P. Muller, T. Haarnoja, B. Tracey, K. Tuyls, T. Graepel,
N. Heess, From motor control to team play in simulated humanoid
football, Science Robotics p. eabo0235 (2022).

B. Baker, |. Kanitscheider, T. M. Markov, Y. Wu, G. Powell, B. McGrew,
I. Mordatch, Emergent tool use from multi-agent autocurricula, 8th In-
ternational Conference on Learning Representations, ICLR 2020, Addis
Ababa, Ethiopia, April 26-30, 2020 (2020).

T. Bansal, J. Pachocki, S. Sidor, I. Sutskever, I. Mordatch, Emergent
complexity via multi-agent competition, International Conference on

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

Learning Representations (2018).

T. Haarnoja, B. Moran, G. Lever, S. H. Huang, D. Tirumala, J. Humplik,
M. Wulfmeier, S. Tunyasuvunakool, N. Y. Siegel, R. Hafner, others,
Learning agile soccer skills for a bipedal robot with deep reinforcement
learning, Science Robotics p. eadi8022 (2024).

D. Tirumala, M. Wulfmeier, B. Moran, S. Huang, J. Humplik, G. Lever,
T. Haarnoja, L. Hasenclever, A. Byravan, N. Batchelor, N. sreendra,
K. Patel, M. Gwira, F. Nori, M. Riedmiller, N. Heess, Learning robot
soccer from egocentric vision with deep reinforcement learning, 8th
Annual Conference on Robot Learning (2024).

P. Werner, T. Seyde, P. Drews, T. M. Balch, I. Gilitschenski,
W. Schwarting, G. Rosman, S. Karaman, D. Rus, Dynamic multi-team
racing: Competitive driving on 1/10-th scale vehicles via learning in
simulation, 7th Annual Conference on Robot Learning (2023).

V. Pasumarti, L. Bianchi, A. Loquercio, Agile flight emerges from
multi-agent competitive racing, 2026 IEEE International Conference on
Robotics and Automation (ICRA) (2026).

L. Busoniu, R. Babuska, B. De Schutter, A comprehensive survey of
multiagent reinforcement learning, IEEE Transactions on Systems, Man,
and Cybernetics, Part C (Applications and Reviews) 156—172 (2008).

J. A. Preiss, W. Honig, G. S. Sukhatme, N. Ayanian, Crazyswarm:
A large nano-quadcopter swarm, IEEE International Conference on
Robotics and Automation 32993304 (2017).

R. Spica, D. Falanga, E. Cristofalo, E. Montijano, D. Scaramuzza,
M. Schwager, A real-time game theoretic planner for autonomous two-
player drone racing, Robotics: Science and Systems (2018).

X. Zhou, X. Wen, Z. Wang, Y. Gao, H. Li, Q. Wang, T. Yang, H. Lu,
Y. Cao, C. Xu, F. Gao, Swarm of micro flying robots in the wild, Science
Robotics p. eabm5954 (2022).

J. Heinrich, M. Lanctot, D. Silver, Fictitious self-play in extensive-
form games, International Conference on Machine Learning 805-813
(2015).

J. Heinrich, D. Silver, Deep reinforcement learning from self-play in
imperfect-information games, arXiv preprint arXiv:1603.01121 (2016).
A. Jaegle, F. Gimeno, A. Brock, O. Vinyals, A. Zisserman, J. Carreira,
Perceiver: General perception with iterative attention, International
Conference on Machine Learning 4651-4664 (2021).

J. Schulman, F. Wolski, P. Dhariwal, A. Radford, O. Klimov, Prox-
imal policy optimization algorithms, arXiv preprint arXiv:1707.06347
(2017).

S. Hochreiter, J. Schmidhuber, Long short-term memory, Neural Com-
put. p. 17351780 (1997).

H. Wang, J. Xing, N. Messikommer, D. Scaramuzza, Environment as
policy: Learning to race in unseen tracks, 2025 IEEE International
Conference on Robotics and Automation (ICRA), 11333—11339 (2025).
Y. Song, S. Naji, E. Kaufmann, A. Loquercio, D. Scaramuzza, Flight-
mare: A flexible quadrotor simulator, Proceedings of the 2020 Confer-
ence on Robot Learning 1147-1157 (2021).

P. Foehn, E. Kaufmann, A. Romero, R. Penicka, S. Sun, L. Bauers-
feld, T. Laengle, G. Cioffi, Y. Song, A. Loquercio, D. Scaramuzza, Ag-
ilicious: Open-source and open-hardware agile quadrotor for vision-
based flight, Science Robotics p. eabl6259 (2022).

L. Bauersfeld, E. Kaufmann, P. Foehn, S. Sun, D. Scaramuzza, Neu-
robem: Hybrid aerodynamic quadrotor model, RSS: Robotics, Science,
and Systems (2021).

L. Bauersfeld, K. Muller, D. Ziegler, F. Coletti D. Scaramuzza,
Robotics meets fluid dynamics: A characterization of the induced air-
flow below a quadrotor as a turbulent jet, IEEE Robotics and Automa-
tion Letters 1241-1248 (2025).

M. L. Littman. Markov games as a framework for multi-agent rein-
forcement learning. Machine Learning Proceedings 1994, W. W. Co-
hen, H. Hirsh, eds. (Morgan Kaufmann, San Francisco (CA), 1994),
157-168.

A. Raffin, A. Hill, A. Gleave, A. Kanervisto, M. Ernestus, N. Dormann,
Stable-baselines3: Reliable reinforcement learning implementations,
Journal of Machine Learning Research 1-8 (2021).



Research Article: Preprint 2026

University of Zurich and Google DeepMind 13

SUPPLEMETARY MATERIAL

Reward coefficients

Table S1 lists the coefficients used in the reward function defined in
the Materials and Methods section. The progress coefficient A1 pro-
vides the primary learning signal, while the remaining coefficients
are scaled to balance competing objectives without dominating the
progress reward. The relatively small values for ranking (A3) and op-
ponent proximity (A4) encourage competitive behavior and safe dis-
tancing without overriding the fundamental gate-progress objective.

The proximity coefficient A4 scales the continuous penalty for ap-
proaching opponents and is therefore critical for balancing competi-
tive performance against safety. This coefficient additionally scales
the velocity-dependent terminal penalty upon inter-agent collision.
Figure S1 shows the trade-off between lap time and race comple-
tion (fraction of gates passed over three laps) as A4 varies. For each
value, four League-Play checkpoints were evaluated in four-agent
self-evaluation races. Lower A4 yields faster but riskier flight, while
higher values improve safety at the cost of speed. The selected value
A4 = 0.01 maintains competitive lap times while completing over
89% of races.

Table S1. Coefficients for the reward function defined in Materials
and Methods.

Parameter Value
A1 (progress) 1.0
Ay (body rate penalty) 0.005
Az (ranking) 0.01
A4 (opponent proximity) 0.01

As (opponent proximity exponent) 7.0

Training details

Table S2 summarizes the PPO hyperparameters and network architec-
ture used for training league-play policies. The learning rate follows a
linear decay schedule from 3 x 10~% to 5 x 102 over the first half of
training, then remains constant. With 144 parallel environments, each
containing four quadrotors in the multi-agent setting (one quadrotor
in the single-agent setting), and 250 steps per rollout, each iteration
collects 36,000 transitions. Training proceeds for 5,500 iterations,
yielding approximately 200 million environment steps. League-play
training with downwash simulation was performed using an NVIDIA
RTX 4090 GPU and an Intel Core i9-14900KF CPU, requiring ap-
proximately 27 hours to complete (assuming pre-trained league op-
ponents), with potential for further optimization. Unless otherwise
specified, the parameters in Table S2 are shared across all training
strategies evaluated in this work.

Hardware specifications

Table S3 lists the specifications of the Kolibri quadrotor platform used
in all real-world experiments. The high thrust-to-weight ratio enables
the aggressive maneuvers required for competitive racing, while the
compact form factor permits close-proximity flight between multiple
agents.

Racetrack configuration

Table S4 specifies the gate positions and orientations for the Split-S
racetrack: seven gates in a 75-meter circuit, with Gates 4 and 5 verti-
cally stacked to form the Split-S maneuver.

A4 Opponent Proximity Ablation (4 agents)
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Figure S1. Ablation on proximity coefficient A4, showing the trade-
off between lap time and race completion as fraction of gates passed
over three laps. Four league-play policies per coefficient value are
evaluated in four-agent self-evaluation. A4, = 0.01 balances speed
and safety.

Table S2. PPO hyperparameters and network architecture for league-
play training.

Parameter Value

learning rate 3 x 10~* linear decay to 5 x

10°°
discount factor 7y 0.985
GAE-A 0.95
PPO epochs 10
clip range 0.2
entropy coefficient 0.001
parallel environments 144
rollout steps 250
batch size 36,000
episode length 30s
control frequency 50Hz
activation function LeakyReLU
policy network MLP [512,512]
value network MLP [512,512]

LSTM hidden dimension  [256]
Perceiver latent queries
Perceiver attention heads

Perceiver head dimension 32

All gates measure 1.5m x 1.5m. Agents initialize along an arc
equidistant from the first gate, with 1 m spacing between adjacent po-
sitions. The reference starting position is (—5.0,4.7,0.61) m. The
starting slots are randomized during training. For experiments exceed-
ing four agents, positions shift by half a spacing unit per additional
agent to maintain a symmetric distribution to the first gate.
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Figure S2. Multi-agent training framework. Each agent observes its own state Sego and the states of other agents sqmer. Opponent observations
serve as keys and values within a Perceiver-based attention encoder, which queries them with learned latent arrays to produce a compact repre-
sentation regardless of the number of competitors. The encoded opponent representation is concatenated with the ego state and passed to recur-
rent actor and critic networks comprising LSTM and MLP layers. During training, opponent policies are sampled from an opponent pool that

includes historical checkpoints of the agent’s own policy alongside the league opponents, which comprise single-agent and independent PPO

policies, providing diverse competitive behaviors.
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Kolibri quadrotor platform specifications.
Parameter Value
mass [kg] 0.220
thrust-to-weight ratio 6.5
maximum thrust [N] 14.0
motor-to-motor distance [cm] 11.8
propeller diameter [cm] 7.37
motor time constant [s] 0.033

inertia (diagonal terms) [gmz]

[0.14,0.17,0.21]

Table S4. Split-S racetrack gate configuration. Positions are spec-
ified in a world coordinate frame with z pointing upward, and yaw
angles indicate gate orientation about the vertical axis.

Gate x[m] y[m] z[m] yaw [deg]
Gate 1 —0.60 —0.86 3.68 -20
Gate 2 9.00 6.45 1.05 0
Gate 3 885 —-3.80 1.05 —130
Gate 4 (Split-S Top) —430 —5.60 3.40 180
Gate 5 —430 —5.60 142 0
Gate 6 450 —-045 1.05 80
Gate 7 —1.95 681 1.05 —150

Aerodynamic interactions in training

To isolate the contribution of aerodynamic interaction modeling, we
designed a controlled experiment with two quadrotors flying concen-
tric circular trajectories of 3 m radius, vertically separated by 0.5m.
Both agents execute identical policies trained with or without particle-
based downwash simulation. The upper agent does not observe the
lower agent, maintaining consistent flight regardless of proximity. The
lower agent observes the upper agent, enabling response to anticipated
aerodynamic disturbance if trained with downwash. The reward func-
tion was modified to encourage a constant velocity of 2.5m/s by pe-
nalizing deviations from this reference. We evaluated three configu-
rations: the lower agent flying alone, and following the upper agent
with initial delays of 0.1 s and 0.5's, with 15 flights per deployed con-
figuration.

Figure S3A reveals distinct behavioral strategies depending on
training conditions. Policies trained without downwash (left) show
altitude profiles that vary substantially across conditions: solo flight
produces stable tracking, while following the upper agent results in
degraded performance as the policy lacks incentive to avoid the wake
region. By contrast, policies trained with downwash (right) maintain
consistent altitude across all conditions, actively accelerating to avoid
the turbulent wake. The angular separation over time in Figure S3B
quantifies this behavioral difference. At 0.1s initial delay (left), poli-
cies without downwash awareness remain near or behind the upper
agent, while downwash-aware policies rapidly converge to negative
angles, indicating a leading position. This pattern is more pronounced
at 0.5s delay (right): without downwash training, the agent drifts
progressively behind, whereas downwash-aware policies consistently
overtake the upper agent despite the larger initial gap. These results
validate that the downwash simulation provides sufficient training sig-
nal for agents to learn physically meaningful avoidance behaviors.
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Figure S3. Effect of downwash modeling on learned behavior. Two quadrotors fly concentric circles (3 m radius, 0.5 m vertical separation). (A)
Altitude profiles for policies trained without (left) and with (right) downwash across solo flight, 0.1's delay, and 0.5 s delay conditions. (B) Angu-
lar difference between upper and lower agent over time for 0.1 s (left) and 0.5 s (right) initial delay, comparing policies trained with and without
downwash. Negative values indicate the lower agent leads. Interaction-aware policies maintain consistent altitude and converge to leading posi-

tions, while policies without downwash exhibit condition-dependent drift. Shaded regions denote variance across 15 flights.



