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Abstract— Through multi-agent competition and the sparse
high-level objective of winning a race, we find that both
agile flight (e.g., high-speed motion pushing the platform to
its physical limits) and strategy (e.g., overtaking or blocking)
emerge from agents trained with reinforcement learning. We
provide evidence in both simulation and the real world that this
approach outperforms the common paradigm of training agents
in isolation with rewards that prescribe behavior, e.g., progress
on the raceline, in particular when the complexity of the envi-
ronment increases, e.g., in the presence of obstacles. Moreover,
we find that multi-agent competition yields policies that transfer
more reliably to the real world than policies trained with a
single-agent progress-based reward, despite the two methods
using the same simulation environment, randomization strategy,
and hardware. In addition to improved sim-to-real transfer, the
multi-agent policies also exhibit some degree of generalization to
opponents unseen at training time. Overall, our work, following
in the tradition of multi-agent competitive game-play in digital
domains, shows that sparse task-level rewards are sufficient for
training agents capable of advanced low-level control in the
physical world. § Code Å Video

I. INTRODUCTION

Drone racing, a competitive sport where pilots fly quad-

copters through tortuous circuits at high speed, has become

a widely adopted benchmark for autonomous control [1].

Indeed, its requirement for decision-making under tight time

constraints with little tolerance for errors makes it an ideal

setting for testing advanced control strategies. In recent years,

reinforcement learning (RL) has shown remarkable success

on this task, consistently outperforming classical optimal-

control techniques and even rivaling champion-level human

pilots [2]–[4]. RL’s strength lies in its ability to optimize over

long horizons and high-dimensional inputs. Such capabilities

are difficult to achieve with model-based controllers, given

their heavy reliance on online optimization.

Despite this promise, most RL approaches for drone racing

remain more closely tied to optimal control than is often

acknowledged. In particular, they typically require dense

shaping rewards such as progress on the segment connect-

ing two consecutive gates [2]–[6], which closely resembles

trajectory-tracking costs used in optimal controllers [7]–[9].

As a result, most prior work trains RL agents to effectively

follow a race line as fast as possible. This strategy prior-

itizes speed but prescribes behavior in a way that is not

fundamentally different from trajectory optimization. Yet, as

insights from game theory suggest [10]–[12], maximizing

speed alone is not always the optimal strategy for winning a

race. Successful racing also requires tactical behaviors such
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Fig. 1: Two opponent-aware quadrotors performing head-to-

head autonomous racing. The multi-agent policies are trained

in simulation with competitive, sparse, task-level rewards

(winning the race), without behavior-based rewards (flying

fast), and are transferred zero-shot to real-world drones.

as overtaking, blocking, or avoiding collisions, which are not

easily captured by progress-based costs.

This observation raises the question: can RL agents learn

racing strategies directly from outcome-based objectives,

such as winning, without relying on dense behavioral shap-

ing? Our key insight is that this is possible when drone

racing is framed as a multi-agent problem. By rewarding

agents only for finishing a lap before their opponent, we

show that fast and agile flight emerges naturally from sparse,

competition-based rewards. Moreover, this formulation gives

rise to sophisticated behaviors, e.g., overtaking, blocking, and

collision avoidance, despite lacking explicit reward terms for

these skills. In contrast, we find that dense progress-based

rewards, even when supplemented with overtaking terms [6],

[13], are limiting as the complexity of the track increases,

e.g., in the presence of obstacles, because their prescriptive

structure constrains exploration during training.

Our work builds on the tradition of learning from multi-

agent interaction [14]–[18], where rich behaviors emerge

from simple task-level competitive rewards. However, in

contrast to prior studies that primarily examined abstract or

simplified environments, we observe a similar effect, albeit

at a smaller scale, in a physically realistic, embodied setting,
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where learned policies can be directly deployed to real-

world drones. Interestingly, we find that policies trained

with sparse multi-agent rewards transfer more reliably to

the real world than the ones trained with dense progress

rewards, despite the two methods sharing the same simu-

lation environment, randomization strategy, policy structure,

and physical hardware. With our work, we aim to inspire a

shift in perspective within the real-world control community:

from designing controllers that prescribe specific behaviors

to designing controllers that optimize task-level objectives,

letting desired behaviors emerge naturally.

Contributions. (1) We show that formulating autonomous

drone racing as a competitive multi-agent problem naturally

induces agile flight and tactical behaviors without explicit

behavioral shaping. (2) We demonstrate that this approach

outperforms dense progress-based rewards, in particular as

the track complexity increases, while transferring better to

the real world, and (3) We show generalization of our policies

to agents it was not trained on.

II. RELATED WORK

A. Single-Agent Drone Racing

A wide range of controllers has been explored to tackle

drone racing, ranging from classical methods to approaches

based on deep learning [1].

Among classical approaches, Model Predictive Control

(MPC) and its variants are the most widely adopted. In [9],

an MPC controller tracks a time-optimal trajectory computed

offline. However, disturbances may cause suboptimal perfor-

mance. To reduce this sensitivity, Model Predictive Contour-

ing Control (MPCC) [7], [8] performs online adaptation of

path, velocities, and accelerations based on a track reference

computed offline, leading to greater robustness.

While effective, the previous approaches face two main

challenges: they require an accurate drone model, which is

difficult to obtain, especially when considering aerodynamic

effects during complex maneuvers; also, they often require

significant computation power at inference time, which re-

quires them to optimize relatively short-horizon objectives. A

natural solution to these challenges is provided by RL-based

controllers [2], [4], [5], [19], [20]. This approach waives the

requirement of a very accurate model [21] and removes strict

separation between long-term planning and control.

However, these methods focus on single-drone perfor-

mance and do not study interaction dynamics between mul-

tiple agents. Additionally, they require carefully designed

reward functions to perform well. In this work, we show

that these two issues are related: considering adversarial

interaction directly leads to simplified reward shaping.

B. Multi-Agent Drone Racing

The literature on multi-drone autonomous racing is much

sparser than that on single-agent racing. Existing approaches

rely on different strategies. To model the interaction and

compute the best response, some methods rely on MPC [22]

or game-theoretic formulations [10], [23], [24]. However,

these methods face severe scalability issues, as online com-

putational cost increases with the complexity of the environ-

ment, which limits them to relatively low-speed racing.

Reinforcement learning offers an alternative way to ad-

dress these limitations. Prior works trained multi-agent poli-

cies by augmenting single-agent rewards with an additional

‘overtaking’ term [6], [25], following approaches used in

multi-agent car racing for Gran Turismo [13]. In contrast, we

show that dense single-agent rewards are not only unneces-

sary—since agile flight naturally emerges from the competi-

tive dynamics of racing—but can even degrade performance

as track complexity increases (e.g., with obstacles).

Conceptually, our work is closely related to research on

multi-agent games, such as Capture the Flag [15], Star-

Craft [26], hide-and-seek [27], and autonomous driving [18].

Similar to our approach, these studies demonstrate that train-

ing reinforcement learning agents with simple adversarial

rewards at scale can lead to complex emergent behaviors,

such as the use of tools [27] or the development of social

norms [18]. However, these works primarily focus on high-

level strategy and abstract away low-level dynamics, which

confines them to simulation environments. In contrast, our

work shows that interesting behaviors also emerge when

training policies on realistic dynamical systems, enabling

zero-shot transfer of the policies to real hardware.

III. METHODOLOGY

In the following, we detail the policy optimization proce-

dure and describe the dynamics model used for training.

A. Multi-Agent Policy Optimization

We define drone racing as a multi-agent general-sum game

between two agents πe and πa, referred in the following as

the ego and adversary. We jointly optimize the policies to

maximize the discrete-time finite-horizon objective:

J(πe, πa) = Eτ∼p(τ |πe,πa)

[

∑T

t=0
γtrt(x

e
t , x

a
t )
]

, (1)

where T is the finite time horizon, and rt is a competitive

sparse task reward. Here, the joint trajectory of states,

actions, and rewards τ = {(xe
t ,x

a
t ,u

e
t ,u

a
t , rt)}

T
t=0 is in-

duced by the ego and adversary policies, drawn from the

distribution p(τ | πe, πa). The discount factor is γ. Formally,

this optimization defines the solution to a two-agent, finite-

horizon decentralized Markov decision process (Dec-MDP).

We denote the agents’ global physical state as xe,xa ∈ R
n

(with n varying according to the environment). Similarly to

prior works [2], [3], the policies are reactive and predict

the drones’ vertical thrust and body rates, i.e., ua,ue ∈ U =
[fdes

z ,ωdes] (see Sec. III-B). A fixed low-level PID controller

then maps these to rotor forces (see Sec. III-C)

Rewards. We use a sparse reward structure encouraging

emergent racing behaviors without explicitly defining strate-

gies: the agents are rewarded for passing a gate before their

opponent (rpass
t ) with a bonus for completing a full lap first

(rlap
t ). We also add an energy minimization term (rcmd

t ) for
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Fig. 2: Observation to motor-command pipeline. Each drone’s actor network receives ego-centric and opponent state estimates

at 100 Hz from the Vicon motion capture system. A multi-layer perceptron processes the observations and outputs desired

body rates and thrust, which are then sent to the drone via Crazy Real-Time Protocol (CRTP).

regularization, as well as a penalty for crashing into the

ground or out of bounds (rcrash
t ). Therefore,

rt = rpass
t + rlap

t − rcmd
t − rcrash

t , (2)

rpass
t =











10.0, if gate passed at t and leading

5.0, elif passed gate at timestep

0, otherwise

(3)

rlap
t =

{

50.0, if lap completed at t and leading

0, otherwise
(4)

rcmd
t = −0.15 (ω2

roll + ω2
pitch)− 0.05ω2

yaw (5)

rcrash
t =











2.0, if terminally crashed

0.1, elif in contact

0, otherwise

(6)

where ωroll, ωpitch, and ωyaw are the commanded body rates.

The reward scales are chosen empirically and we do not mod-

ify the environment in any way by adding extra “phantom”

gates to bias the drone trajectory.

Comparison to Existing Rewards. Our reward design

removes a key component used in existing approaches: race-

line progress. This is typically defined as

rProg
t = dGate

t−1 − dGate
t , (7)

where dGate
t denotes the distance to the center of the next gate

at time t. Intuitively, this dense reward encourages the agent

to reach the next gate as quickly as possible while remain-

ing close to the straight line connecting consecutive gates.

However, we argue that such a formulation, reminiscent of

reference trajectories in model-based controllers [7], is overly

restrictive. For example, it discourages deviations needed for

obstacle avoidance and penalizes higher-level strategies such

as blocking, overtaking, or adapting to an opponent’s crash.

While existing methods have tried to overcome these issues

in multi-agent settings by adding overtaking rewards [6],

[13], [25], we found this to be inferior to our approach,

especially in the presence of obstacles.

Optimization We jointly train πe and πa to optimize Eq. 1

using IPPO [28], a multi-agent variant of PPO [29]. IPPO

differs from standard PPO in that the surrogate objective is

computed as the average of the individual agents’ surrogate

losses. Unlike MAPPO, IPPO does not employ a shared

critic, which would require larger networks and potentially

longer trainings. Instead, each agent maintains its own policy

and critic, a design that we found to yield strong empirical

performance. For this reason, and to keep the method simple,

we did not explore alternative multi-agent RL formulations.

B. Actor and Critic Parametrization

Actor Network. Both agents are parametrized as MLPs

with the same architecture and observation format. We

use a 42-dimensional state vector defined as xa
t ,x

e
t =

[v,R,dC ,dN ,popp,vopp ], where v ∈ R
3 is the linear

velocity of the drone expressed in body frame, R ∈ R
3×3

is the attitude rotation matrix, dC , dN ∈ R
12 are the

position of the current and next gates’ corners in body frame,

respectively, and popp,vopp ∈ R
3 are the opponent position

and linear velocity in body frame, which are provided by a

Vicon motion capture system. In the tracks with obstacles,

we extend the state space to xa
t ,x

e
t ,∈ R

45 by including the

global position p ∈ R
3 of the drone. Both policy networks

have dimensions [512, 512, 256, 128] with ELU activation.

Critic Network For simplicity, we use separate critic

networks for the two agents. Each critic receives privileged

input in the form of the concatenated joint state, xcritic =
[xe,xa], and is implemented as a fully connected MLP. The

hidden layers have dimensions [512, 512, 256, 256, 128, 128]

with ELU activations. We empirically find that making the

critic deeper than the actor improves performance.

C. Quadrotor Simulation

We train πe and πa exclusively in simulation and deploy

them zero-shot to the real world. To keep the approach

simple, we avoid extensive system identification and instead

follow prior work [4], [21] by relying on domain random-

ization during training and rapid adaptation at test time.

Our quadrotor dynamics model is based on the one in [30],

with an additional aerodynamic component to capture drag,

implemented following the model proposed in [31].

Our quadrotor simulation in Isaac Sim [32] models a cas-

caded control architecture. A high-level controller, running

at 50 Hz, generates thrust and angular rate commands, while

a low-level controller tracks the desired body rates using a

PID at 500 Hz. These commands are converted into motor

9593



forces and torques and applied, together with aerodynamic

effects, to the quadcopter, modeled as a rigid body.

Denote [a0, a1, a2, a3] a policy output. The first element

a0 ∈ [−1, 1] is mapped to the thrust along the body z-axis:

f des
z = (a0 + 1) / 2 · T, (8)

where T is the maximum thrust expressed in units of

drone weight. The remaining action components a1, a2, a3 ∈
[−1, 1] determine the desired angular velocities:

ωdes =
[

kxa1, kya2, kza3
]

, (9)

where kx, ky , and kz are the maximum roll, pitch, and yaw

rate, respectively. The angular velocity error eω = ωdes −ω

is then converted to desired torques via a PID control law,

after scaling by the inertia matrix I:

τ des = I
(

Kpeω −Kdėω +KI

∫

eω
)

. (10)

The desired wrench wdes = [f des
z , τ des] applied to the rigid

body is then converted to motor forces by preconditioning

with the inverse of the thrust-to-wrench static mapping, i.e.,

f des
mot = T−T

M · wdes. From these forces, the desired motor

speeds for each motor i = 1, . . . , 4 are computed using the

thrust coefficient kη , i.e., ω2
mot = f des

mot / kη . These are then

converted to actual motor speeds using the minimum and

maximum allowable motor speeds, ω and ω̄:

ωdes
mot, i = ωdes

i = clamp

(

√

|ω2
i | · sign(ωi), ω, ω̄

)

. (11)

We model the motor dynamics with a first-order model

governed by the motor constant τm:

ω̇i =
(

ωdes
i − ωi

)

/ τm, ωi ← ωi + ω̇i ·∆t. (12)

Once we compute the actual motor speed, we compute the

actual forces and wrench applied to the body as

fi = kη · ω
2
i , w = TM · f =

[

fz, τ
T
]T

. (13)

In addition, similarly to [31], we model aerodynamic

effects as forces and torques proportional to the translational

and angular velocities:

f drag = −
∑

ωi Kaero vb (14)

where Kaero is a diagonal matrix and vb is the linear velocity

of the drone expressed in the body frame. The final applied

force and torque acting on the rigid body are:

Fapp =
[

f drag
x , f drag

y , f drag
z + fz

]T

, τapp = τ . (15)

IV. EXPERIMENTS

Our evaluation is designed to find answers to the following

questions. What are the limitations of single-agent racing

rewards? How do agents perform in head-to-head races?

Can multi-agent policies bridge the gap between controlled

experiments and deployment on physical platforms? Does a

qualitative analysis reveal the emergence of strategic behav-

iors? Finally, we study the stability of training multi-agent

policies with sparse rewards.

A. Experimental Setup

We simulate a custom Crazyflie 2.1 Brushless environment

in Isaac Lab v2.2.0 and Isaac Sim v4.5.0 [32]. This quadrotor

was chosen for its compact form factor (3′′), lightweight

design (32 g), and high thrust-to-weight ratio (slightly greater

than 3). We also designed two tracks: the Complex Track

(CT) and the Lemniscate Track (LT), shown in Fig. 3,

along with the gate-passing directions, obstacles, and a drone

trajectory. The CT consists of six gates (including a split-

S maneuver) and four obstacles, while the LT features five

gates (one crossed twice) and two obstacles. Both track

layouts were designed to be challenging enough to require

agile motions, even in the absence of obstacles. Additionally,

when obstacles are present, their placement forces the drones

to first move away from the next gate before reaching it.

In the real-world setup, flights were carried out within a

controlled indoor area, measuring 22.0 m× 5.5 m× 3.8 m.

A motion capture system with 25 Vicon cameras provided

ground-truth poses at a frequency above 100 Hz.

We benchmark against four policies varying by train-

ing setup (Single-/Multi-Agent) and reward (dense/sparse):

Dense Single-Agent (DS), similar to [2]–[6]; Sparse Single-

Agent (SS), using our same sparse reward but trained without

a competitor; Dense Multi-Agent (DM), which, similarly

to [6], [13], complements the progress reward with the dense

overtaking term, with dmin = −5 m and dmax = 10 m,

rot
t = Idmin<(pi

t
−pt)<dmax

(

(pt − pit)− (pt−1 − pit−1)
)

;

and Sparse Multi-Agent (Ours). In the multi-agent cases,

we evaluate the actor that received the greatest total reward

during training and discard the other. All baselines are

carefully tuned to achieve optimal performance.

To assess policy effectiveness, we performed two types

of tests. First, we evaluated the single-agent policies in

simulation across various track layouts and obstacle configu-

rations. Agents were not directly provided with the obstacle

positions; instead, the algorithm inferred them by exploiting

the global drone positions. As a result, eight independent

experiments were conducted, each consisting of fifty separate

3-lap runs with different initial positions beyond a selected

gate. Four metrics were used for evaluation: the average Time

To Complete (TTC) one lap in seconds, the average speed in

meters per second (both computed over the fifty runs), the

total number of collisions per experiment against gates and

obstacles, and the success rate, measured as the proportion

of 3-lap runs successfully completed out of fifty trials.

The second set of tests focused on head-to-head races

between all pairs of trained policies across all the track

layouts. Additionally, several multi-agent experiments were

conducted in the real world using the lemniscate track. In

both cases, the primary metric was the win rate of one

policy against the other, expressed as a percentage of the

total number of races, where each race consists of 3 laps. We

do fifty races in simulation and three in the real world. The

first agent to complete three laps is considered the winner,

while a terminal crash by both agents is counted as a draw.
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Fig. 3: Tracks used for training and evaluation, with 1 m× 1 m gates in red and obstacles in transparent blue. Green arrows

indicate the gate-passing directions, and the orange curves show the trajectories over multiple laps. On the left, the Complex

Track (CT) spans 8 m× 7 m with six gates, including a split-S, and optionally four obstacles. On the right, the Lemniscate

Track (LT) measures 5 m× 5 m, with five gates, one of which passed twice in a single lap, and optionally two obstacles.

B. What are the limits of single-agent racing?

Table I presents the single-agent policy results. Notably,

the policies trained with dense rewards achieved strong

performance only in environments without obstacles, with

a success rate of 100% on the lemniscate track and 98% on

the complex track. In contrast, performance with obstacles

is extremely poor, yielding a success rate of zero on both

tracks, even failing to complete a single lap. This behavior

is inherently due to Eq. 7, the progress reward, which

discourages the drone from moving away from the gate,

preventing it from successfully overcoming obstacles.

As for the sparse reward policies, their success rate on

obstacle-free tracks is at times comparable to that of the

dense policies, although with lower speed. In the lemniscate

track, the average lap time of the SS policy is 5.29 s,

compared to 4.76 s for DS, corresponding to an increase

of 11.13%, while the average speed drops from 4.07 ms−1

to 3.57 ms−1 (-12.3%). In the complex track, the results are

similar, with the lap time increasing from 5.68 s to 6.42 s

(+13.0%) and the speed decreasing from 5.01 to 4.30 ms−1

(-14.17%). Additionally, applying the sparse reward on the

lemniscate track with obstacles provides a success rate of

98%, whereas, on the complex track, it drops to 0%, despite

the completion of a few individual laps.

Overall, these experiments show that in single-agent drone

racing environments, dense rewards more reliably converge

to competitive policies than sparse rewards, confirming the

finding of prior work [2], [3]. Neither sparse nor dense

Avg. TTC [s] Avg. Speed [ms
−1] Collisions Success [%]

LT 4.76 4.07 0 100

D
en

seLT w/ obs – – 175 0
CT 5.68 5.01 1 98
CT w/ obs – – 0 0

LT 5.29 3.57 0 100

S
p

a
rs

e

LT w/ obs 5.72 3.95 12 98
CT 6.42 4.30 16 94
CT w/ obs 10.08 4.58 69 0

TABLE I: Single-agent simulation results indicate a clear

preference for dense rewards in obstacle-free environments.

rewards, however, consistently discover obstacle-free trajec-

tories across tracks. Additionally, dense rewards are chal-

lenging to tune as the track complexity increases, e.g., in

the presence of obstacles. While for static obstacles (as in

our experiments) one could circumvent this problem by first

doing coarse path planning and tracking the planned path,

this solution is not general. For example, this heuristic would

fail if the track requires avoidance of dynamic obstacles.

C. Baseline comparison in simulated head-to-head races

We evaluated our multi-agent policy’s competitive perfor-

mance through head-to-head races, as it provides a clearer

indication of dominance than lap times alone. We pitted two

drones against each other in every race, running one of the

four methods, and used the same single-agent policies that

were evaluated in the previous section.

The results of this evaluation are shown in Fig. 4, where

each cell in the four matrices reports the win rate of the row

policy against the column policy. The entries are symmetric

with respect to the main diagonal, corresponding to the same

policy pair with reversed roles. Note that these percentages

do not sum to 100%, as the remainder corresponds to the

fraction of draws due to collision. We omit elements on the

diagonal, as we don’t evaluate a policy against itself.

These experiments confirm that in single-agent environ-

ments, simple sparse rewards rarely outperform dense re-

wards. The only scenario in which the SS policy shows a

slight advantage is in the presence of obstacles, where it

occasionally wins against DS. Extending the DS formulation

to a multi-agent approach (DM) by adding a competition

reward does not improve performance; in fact, it often results

in more defeats compared to DS and still fails in the presence

of obstacles. This outcome likely stems from the difficulty

of balancing two dense reward terms, which could cause the

policy to converge to a suboptimal local minimum.

Conversely, training with sparse competitive rewards

(Ours) yields the highest average win rate of 91.17%. Inter-

estingly, we outperform the dense baselines even on obstacle-

free tracks, where we win 100% (50/50) of races on the
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Fig. 6: (a, b) Agent trajectory and velocity profiles in races against an active adversary (not pictured) versus a crashed drone.

Our policy exhibits risk-averse behavior once the opponent becomes non-competitive. (c) A learned blocking maneuver

during a real-world race. (d) A real-world trajectory against a crashed opponent for comparison.

DS SS DM Ours

DS

SS

DM

Ours

- 2/3 3/3 0/3

1/3 - 0/3 1/3

0/3 0/3 - 0/3

3/3 2/3 0/3 -

LT, Real-World

0

20

40

60

80

100

Fig. 7: Real-world race results on LT. DS and Ours achieve

the same average win rate, but Ours directly outperforms

DS. This is because DM transfers poorly, often exhibiting

out-of-distribution behaviors that disrupt our policy.

a clear lead, and once at the beginning of the race, while both

policies were rushing into the central gate. This highlights

the challenges of simulation to reality transfer in multi-

agent settings: the dependence on the behavior of another

agent makes it challenging to predict the performance of

a policy when deployed against new opponents. While a

robust solution to this problem is outside of the scope of

this work, we predict that large randomization at training

time and adaptation at test time could alleviate these issues.

E. Emergence of strategic behaviors

To evaluate emerging strategic behaviors from sparse

competitive rewards, we analyzed head-to-head self-play

trajectories and velocities. On the Complex Track, our agent

flies significantly more aggressively against competitive op-

ponents than against crashed ones (Fig. 6 a-b). Specifically,

against an active opponent, maximum and mean velocities

reach 9.9 m/s and 5.9 m/s, but drops to 8.7 m/s and 5.3 m/s

once the opponent crashes. We also observe that our agent

maintains a substantially higher final-gate velocity of 8.3 m/s

when the opponent is competitive, as opposed to 5.4 m/s

when the opponent is crashed. This behavior is risk-averse,

as the gate-pass rewards and lap bonus rewards become

guaranteed once the opponent forfeits the racing task.

Blocking maneuvers are an important indicator of rich

opponent-aware strategies emerging from sparse competitive

0.00 0.25 0.50 0.75 1.00 1.25 1.50

Agent Steps ×10
9

0

2

4

6

C
u
m
u
la
ti
ve

R
ew

ar
d

×10
3 Dense, Single-Agent

Mean

Std Dev

Fig. 8: Cumulative reward for single-agent training. Dark

curves represent mean rewards across three seeds. Training

is stable and smooth, with very low variance.

0.00 0.25 0.50 0.75 1.00 1.25 1.50

Agent Steps ×10
9

0

1

2

3

4

C
u
m
u
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R
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d

×10
2 Sparse, Multi-Agent

Ego Mean

Ego Std Dev

Adv Mean

Adv Std Dev

Fig. 9: Cumulative reward for multi-agent training, which

exhibits greater variability, yet remains consistent overall.

multi-agent rewards. Fig. 6 (c and d) depicts one such ma-

neuver in the real world. During competition, the adversary

defends its marginal forward lead by flying a wide trajectory

as it enters the gate (Fig. 6c), forcing the ego agent to

the outside and causing a collision with the gate frame. In

contrast, Fig. 6d illustrates the trajectory flown with a crashed

opponent, which is clearly a safer trajectory.

In summary, the evidence from this section shows that our

agent learns strategic behaviors beyond flying fast.

F. Training stability of multi-agent policies

Finally, we analyzed the training stability of multi-agent

versus dense single-agent policies. Figs. 8 and 9 show the

training curves for the DS policy and Ours (with seeds 1, 2,
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and 3). As expected, the single-agent training is stable with

very low variance. In contrast, multi-agent training exhibits

greater variability but remains consistent overall, yielding

highly competitive policies. Interestingly, the blue and red

curves alternate in achieving higher cumulative rewards,

reflecting the competitive nature of the multi-agent setup, as

different phases emerge where one temporarily outperforms

the other before the balance shifts again.

V. CONCLUSIONS

Our study provides evidence that agile and strategic low-

level control in physical platforms can emerge from simple,

sparse competition-based rewards. Moreover, it highlights

their advantages over prescriptive terms that constrain agent

behavior, both in terms of sim-to-real transfer and overall

performance. However, this work only scratches the surface

of what competitive rewards can achieve. Future extensions

could explore scaling towards team-based competition, emer-

gent active perception in vision-based agents, or robustness

against rapidly adapting opponents.
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