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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, AI 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 AI 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, AI-only races, and
mixed human-AI 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 AI-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
Trials

Avg. Race
Completion [%]

Best time (1st lap) [s] Best time-to-finish [s]

Time Trial
LP (ours) 13 100.00 5.540 16.065

M. Schaepper 10 100.00 6.627 17.109

AI Only (2 agents) LP (ours) 6 100.00 5.651 16.308

AI Only (3 agents) LP (ours) 9 100.00 5.624 16.167

AI Only (4 agents) LP (ours) 12 90.87 6.079 16.811

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

M. Schaepper 5 53.33 6.056 17.087

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

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.




