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Abstract—Preference-based reinforcement learning (PbRL) en-
ables agents to learn control policies without requiring manually
designed reward functions, making it well-suited for tasks where
objectives are difficult to formalize or inherently subjective.
Acrobatic flight poses a particularly challenging problem due
to its complex dynamics, rapid movements, and the importance
of precise execution. In this work, we explore the use of PbRL
for agile drone control, focusing on the execution of dynamic
maneuvers such as powerloops. Building on Preference-based
Proximal Policy Optimization (Preference PPO) [1], we propose
Reward Ensemble under Confidence (REC), an extension to the
reward learning objective that improves preference modeling and
learning stability. Our method achieves 88.4% of the shaped re-
ward performance, compared to 55.2% with standard Preference
PPO. We train policies in simulation and successfully transfer
them to real-world drones, demonstrating multiple acrobatic
maneuvers where human preferences emphasize stylistic qualities
of motion. Furthermore, we demonstrate the applicability of
our probabilistic reward model in a representative MuJoCo
environment for continuous control. Finally, we highlight the
limitations of manually designed rewards, observing only 60.7%
agreement with human preferences. These results underscore
the effectiveness of PbRL in capturing complex, human-centered
objectives across both physical and simulated domains.

Index Terms—Reinforcement Learning, Machine Learning for
Robot Control, Aerial Systems: Perception and Autonomy

I. INTRODUCTION

Autonomous drones capable of executing dynamic and agile
maneuvers have become a benchmark for progress in robotics,
with applications ranging from high-speed navigation [2] and
search-and-rescue to inspection [3]. Reinforcement learning
(RL) has shown promise in enabling such high-performance
control policies, even surpassing expert human pilots in com-
petitive environments [2]. However, a persistent challenge in
applying RL to real-world tasks is the design of effective
reward functions.

Reward design is not only time-consuming and task-specific,
but it also introduces a fundamental bottleneck: many tasks—
particularly those involving aesthetics, subjective quality, or
high-level intent—are difficult or even impossible to express
with a well-defined reward function. This limitation is espe-
cially critical in acrobatic flight maneuvers, where desirable
behavior may depend on human preferences over trajectory
smoothness, timing, or style.
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Fig. 1. Learning acrobatic flight from human preferences. (a) In simulation,
trajectory pairs (7], T2) are shown to a preference annotator to collect
preference labels, which are used to train an ensemble of reward models
with uncertainty estimation. A policy is then trained with reinforcement
learning using the learned reward model. (b) The resulting policy is zero-
shot transferred to the real world to execute acrobatic maneuvers.

To address this, preference-based reinforcement learning
(PbRL) has emerged as a compelling alternative. Rather than
specifying explicit rewards, PbRL infers a reward function
from human comparisons between trajectory segments [4].
This approach enables policy learning for tasks that are hard
to define but easy to evaluate by preference. Each acrobatic
skill would typically require its own carefully designed reward
function in traditional RL, whereas PbRL offers a more general
framework that can adapt across different maneuvers without
task-specific reward engineering. Unlike imitation learning,
which requires high-quality demonstrations, PbRL only needs
human evaluators to compare behaviors, enabling learning
beyond the evaluator’s own skill level.

Despite the promise of PbRL, its application in real-world
robotics has been limited. Most prior work has focused on
simulation, and applications to physical systems, particularly
agile drones, remain scarce. Existing methods also tend to
overlook the uncertainty inherent in human preferences, which
can lead to instability or suboptimal learning when feedback
iS noisy or sparse.
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In this work, we apply PbRL to the domain of acrobati¢rol capabilities, with remarkable successes in drone racing
drone ight and proposé&keward Ensemble under Con dencg?], [15], robust maneuvering under disturbances [16], and
(REC), an extension to the existing Preference-based PPO Hdile ight tasks [17], [18]. Recently, some of the works
Our approach introduces an ensemble-based reward model tieae even achieved vision-based RL without using any state
accounts for uncertainty in human preferences, signi cantipformation [19], [20]. However, most of these methods rely
improving the training performance. on manually engineered reward functions. Despite these suc-

The key insight behind REC is to explicity model thecesses, there is a notable absence of PbRL methods explicitly
probabilistic nature of human feedback, allowing the learnirepplied to quadrotor control tasks. Our research addresses this
process to better capture ambiguity in preferences [5], avaidtical gap by applying PbRL to acrobatic drone maneuvers,
over tting to inconsistent signals, and encourage exploration @emonstrating both simulation e cacy and real-world feasi-
regions with high uncertainty captured by an ensemble rewability purely based on human preference signals.
model. This results in more stable training and better policy
performance under limited supervision. lll. Methodology

We validate our approach through both simulation and real- preliminaries

world experiments. In particular, we train drones to perform We consider a traditional RL setting in which an agent

continuous powerloop maneuvers and other acrobatic i . . .
. P P - Yteracts with an environment. The agent receives an obser-
skills where human raters express stylistic preferences.

tion >c from the environment, while taking an acti@g in
method achieves84% of the ground-truth reward perfor- . ' . . .
L . the environment. For each observation-action pajr Q°, the
mance in simulation, compared &52% for standard Pref- @

. ent receives a rewawd = Al> . In traditional RL, this
erence PPO. We demonstrate successful sim-to-real tran?é%\r/ "t c@®

; ard is provided by a hand-crafted set of rules. In PbRL,
and further _evaluate our _r_eward mod_el n a repre_sen_tatwné use no hand-crafted rewards but a learned reward model
MuJoCo environment. AQdmonaIIy, we highlight the m'sal'gnTnstead which is trained using preference labels obtained
vrcr?i?:th Zzt:(vazegnlhycljg?‘;) g:cdg]rgi?r;eangu??ggj{:f;iivﬁvg::ﬂ%m ranking pairs of trajectories. In Online PbRL, these
REC Preference PPO can e ectively learn expressive a ﬁgleference labels are collected by repeatedly presenting pairs
agile ight behaviors using only human preference feedba
demonstrating the feasibility of preference-based learning

complex, agile robotic domains.

trajectories to a human user, who selects the preferred one.
his labeling process alternates with policy optimization to
i['gratively improve the agent's behavior.

Trajectory. We denote a trajectory as a sequence of
Il. Related Works observation action pairé>g—Q° of length#:

Preference-Based Reinforcement LearningPreference- g= >1-Q%>— Q% ey -0 ° -

bas_e_d reipforcement learning (PbRL) enables_agents to IeWHere >g is the observation at timestedand Og the corre-
policies directly from human-provided comparisons betwe onding action. The total reward of a trajecta¥gP is the

trajectory segments, bypassing the need for manually desigg ?in of the rewards at each timestep:
reward functions. This approach was introduced by [4] and has i '

I #
since inspired numerous advances. Furthermore, limitations AgP= oA

in time and sample e ciency have been mitigated through The reinforcement learning objective can be formalized as

approaches that actively generate pairwise comparisons gumﬁ&imizing the expected sum of discounted rewards:
by information gain [6], by selecting batches of comparison i

|
pairs [7], and active volume removal [8]. Recent e orts max Bq ¢ AQPYE max Bg ¢ o Vi -

include enhancing exploration e ciency through unsupervised . . .
g &xp y 9 P @erec denotes the policyg C represents trajectories

pretraining [9], incorporating transformer-based reward modelé . i .
to capture temporal and non-Markovian aspects of humgﬁmpled from the policy, and/2 »0-1%is the discount factor.

feedback [10], and exploring implicit reward learning via Q- i ,
functions without explicitly modeled rewards [11]. B. Preference-based Reinforcement Learning

Real-World Deployments of PbRL. Despite its success in To formalize preference-based reinforcement learning,
simulation, PbRL has seen limited application in real-worl#e rst de ne the concepts ofPreferenceand Preference
robotics, though recent studies show growing interest. OM®deling Cross Entropy Lossand Synthetic Preference
line of research improves sample e ciency by leveraging preseneration
trained preference models from prior tasks, enabling adapta-
tion to novel tasks on robotic manipulators [12], or using priors Preference.A preference labeP 2 »0-1%is assigned by a
obtained from pre-trained LLMs for higher quality candidateitidgeto a pair of trajectories, re ecting the relative preference
in PbRL to achieve expressive behaviors on a quadruped [1Bgtween them. We assume that preferences are determined by
Another approach combines demonstrations with preferere underlying reward functioA: g! R, where
queries to address the ine ciencies of standard PbRL and the )
limitations of inverse reinforcement learning [14]. %0— it Agr® | At

Reinforcement Learning in Quadrotor Control. Rein- ?lg—g°= _05 if Ag®=Ago-
forcement learning has signi cantly advanced quadrotor con- _§1_ if Algi® Y AlgpOe



Preference Modeling.A commonly used model of human 3) Query Selection:
judgment, as is also being done in [4], is viewing the renardWe select and pair trajectories for preference comparisons
of a trajectoryg as a latent variable that determines the choicessing three distinct heuristics. Each method contributes one-
of the human. More precisely, the probability of preferring onghird of the total pairs, and each trajectory is used at most
trajectory over the other is given by the softmax of the twonce.

rewards, o Random. The pairs were selected at random, which is used
Mg jg°= _ eXPA° as the default for the rst pairing phase where the reward
expA°, expA® model has not been trained yet.

which is known as the Bradley Terry (BT) model. In our Ensemble DisagreementFor this pairing method, all pos-
notation, we refer to a predicted variable &ywhereas ground sible pairs are generated with the available trajectories. Then,
truth variables are referred to & each pair is given a preference label for each ensemble reward
Cross Entropy Loss. In Preference PPO [1], the rewardprediction in our case, this would give 5 labels to each pair.
model A is optimized by minimizing the cross entropy lossinally, to get the desired pairs, we sort the pairs in descending
between the BT model predictions and the true labels, usiogder by the number of ensembles that contradict each other

the following loss: . and select the highest disagreement pairs so that no trajectory
o h 8 s 8 is repeated.
lossA = 7" logt?g; i 9, Current with previous epoch. Here, "epoch” refers to
tgi-g-7°2 i the interval between two reward retraining phases. For this
11 ?% logregd g oo . method, we pair a trajectory that was generated between the

current state and the last reward training with a trajectory that
Synthetic Preference Generation.To assess the perfor-was generated before the last reward retraining.
mance of our preference-based RL method, we use synthetic
preferences, which serve as an oracle representing preferences
based on the total handcrafted reward of each compared trajgc-REC Preference PPO
tory in the training environment [4]. The preferred trajectory . . : :
is the one that achieves a higher reward in the given task. Thén this section, we introduce REC, which extends Prefer-

detailed reward functions of each environment are describedc® PPO by explicitly ”_‘Ode'_'”g uncert_amty in the predlc_ted
in Appendix V-A. reward. The methodological di erences lie in the loss function

1) Unsupervised Pretraining: for the reward model, the ensemble reward aggregation, and

As presented in [9] the pretraining step is used to improve € resetting strategy for the reward model.

initial exploration of the policy. In preference-based learning, 1) L0oSs Function: _ _

this is especially useful, as there is no guidance for the poli%’)f‘)bab'"suc Cross Entropy Loss. To derive this loss, we
before the reward model has been trained. To train the rewahi?} @ssume that our reward model predicts a reward sampled
model, some labeled trajectories are necessary. To encourfg® @ normal distribution at every time step:

exploration, an intrinsic reward is given based on the state

entropy 1P = Egpoi1p»>6121B°YAs this is intractable, a A>c@ N Aneart>c- @—Aa'>c @

particle-based entropy eC;)stlmator [21] is used: Following this, the reward for the whole trajectory is given by

B ;>61kBy  Byk% 0
8 Ag° N Anearnt>c- @ Ad*>c- @ °

. o . o c
Finally, the intrinsic reward for unsupervised exploratiti®

is given by the distance to the-th nearest neighbor of the This represents the sum of samples drawn from Gaussians with

current stateBs given means and standard deviations. We can rewrite this as:
A=GRY = ;>61kE:  Boko o S—
Ag® N ean>c Q- Axdt>c- @2

2) Query and Reward Training Scheduling: c c
The process of collecting new preferences, also known as !
qguerying, and retraining the reward predictor follows the =N Ancarlt® Adlg® *
same schedule: the reward model is retrained every time new cann g 510’0
preferences are gathered.
These schedules are specied in terms mfc4-.g Which Given the distribution for the trajectory rewardg®, we
represents the number of time-step interactions between tiae model the preference between two trajectories. Here,
reinforcement learning agent and the environment. We de enotes the cumulative distribution function (CDF), which
an epoch as the interval between two consecutive instangi¢es the probability that a sample frofg.® is larger than
of preference collection and reward model retraining. Consene fromA g°:
quently, the epoch counter increments each time the reward !
model is updated. The hyperparameters for the preference- otn g0~  Pneai@® Aneai®® |
based methods are listed in Fig B2 in Appendix V-B. Qg2 “Astdlgloz Atgt 002




Finally, we derive the preference loss by minimizing the crosgtere the operator denotes quaternion-based rotation, while
entropy with respect to this probabilistic preference given bgwg , dws , Vw, and! g represent the vehicle's position,
@]

h 8 8. 8 orientation quaternion, velocity in the inertial frame, and
losstA = ?°log 7'gy’i 9, angular rates in the body frame, respectively. The parame-
1g8-g-#02 i ter : mot Characterizes the motor time constant, withand
11 ?%og 1 ngi g§° . ss corresponding to current and commanded steady-state

motor speeds. Additionally] represents the vehicle's iner-
Standard Deviation Target Loss.To encourage more stabletia tensor andgw is the gravitational acceleration vector.
standard deviation estimates across ensemble members,Pi@pulsion and aerodynamic e ects are captured through the
introduce an additional loss term. This term penalizes tffierce and torque termfSyrop— prop aNdf aero— aero respectively.
squared error between a target standard deviatipgassc FOr Computational e ciency during training, we employ a
and the mean standard deviation across all timesteps in @ugdratic propeller thrust and torque model enhanced with

preference dataset,: data-driven corrections following the approach of [2]. This
5 provides both accuracy and computational tractability for re-
loss =*f  fcoaedt* inforcement learning applications. Additional details regarding

) the simulator implementation can be found in [2], [27].

2) Reward Aggregationfor the reward model, we use an The policy observations at tim€ includes the drone's
ensemble of m_ultl-layer percept_rons (MLPs). The inputs Afdsition 2c 2 RS, linear velocityE: 2 R3, the rst two columns
the current action and ot_)servatléﬁ(;zo and the outpgt of of the rotation matrix ¢c2 R®, angular velocityl ¢2 R?, and
each ensemble member is the predicted re‘”éﬂ%glé"t M€  the previous actiodc 1 2 R*. The action space consists of
C We implement a noisy aggregation method that increases hactive thrust and body rates (CTBR), denotedda® R*.

reward in regions of high uncertainty, following the approacine getailed reward for this environment is described in the

of [22]: LG Appendix V-A.
— 3
Ag%p?ed = Atpreds I- =
&1
. IV. Results
where- is drawn as below:
g - - 5 A. DM Control Evaluation
©",0 1G a
- N 0~ = _pgmed = Aé’prea® We test REC Preference PPO on thalker-walktask from
) S - . ® DM Control [28] and ablate our additions with respect to
« - Preference PPO. Each method is trained 3 times with di erent

seeds. All runs use the same hyperparameters as in [1] when-
r applicable. Finally, all methods use a random sampling
eme for creating the pairs for the preference elicitation.

ig. 2 shows the mean episode reward over the course of the
training. During training, the policy is evaluated every 800'000
environment interactions. The evaluation rewards in Table |
shows the best average performance achieved.

3) Ensemble ResettingBefore each reward model retrain
ing, we evaluate each ensemble member separately on ?P{E
newly added preferences. We then re-initialize the weig
of the worst-performingeasga@ »0—* ¢ * 4=ga<1.4¥€nsemble
members. Unless otherwise speci ed, we agggsc 1 in our
experiments.

D. Evaluation Environments

1) DM Control: We evaluated our method in a standard 1-000
continuous control simulation environmentalker-walkfrom
the DM Control Suite [23]. The observation space is composegd; 800\
of joint orientations, height, and velocities, witg 2 R?4. The

al

action space consists of normalized joint torquiks2 RS. We § 600
used the implementation provided by Tai et al. [24]. o 7

2) Quadrotor Control for Acrobatics:We used Flight- - 400 [F [C1 PPO (shaped reward) H
mare [25] and Agilicious [26] for training control policies on ' f [ Preference PPO

a simulated quadrotor and deploying them in the real world.F™ 2001 / [ Preference PPO + Prob. Loss
&

The dynamics of the quadrotor are simulated as (£ Preference PPO + Prob. Loss + Gauss Bp
[_ ] REC Preference PPO (ours)
I

v O T T
w 0 1 2 3 4
B 0 . 106
B Qws o2 Environment Steps
x= 2|y =01 1 0 -
log = dws f prop » faerd ., Gw Fig. 2. The average reward while training in thalker-walk environment.

a J1 o a0 ' Jl s The shaded area shows the standard deviation. We compare PPO trained with
P p,l the given environment reward, Preference PPO and our proposed method REC

Tmot  SS with some ablations. We use 1000 synthetic preferences.



(a) PPO (shaped reward) (b) Preference PPO (c) REC Preference PPO (d) REC Preference PPO
(synthetic) (synthetic, ours) (human, ours)

Fig. 3. Stop-motion images of the highest evaluation reward rollout in simulation for di erent training methods. (a) PPO trained with shaped rewards. (b)
Preference PPO trained with 1000 synthetic preferences. (c) REC Preference PPO trained with 1000 synthetic preferences. (d) REC Preference PPO trainet
with 1000 human-labeled preferences. In each, the trajectory starts red and transitions to green over time.

(a) PPO (shaped reward) (b) Preference PPO (c) REC Preference PPO (d) REC Preference PPO
(synthetic) (synthetic, ours) (human, ours)

Fig. 4. Deployment results across four training con gurations. (a) PPO trained with a manually designed ground-truth reward serves as an upper baseline.
(b) Preference PPO trained with synthetic preference labels. (¢) Our proposed method REC Preference PPO trained with synthetic labels, showing improved
alignment with the intended behavior. (d) Our method trained with real human preferences on the powerloop task.

TABLE | 1000 ‘ ‘ ‘
Maximum evaluation reward (Max. Eval. Rew.) during training in the [ PPO (shaped reward)

walker-walk environment. Values represent the highest mean evaluation
reward across three runs with di erent random seeds. The baseline metho [ Preference PPO |
is Preference PPO and modi cations are incrementally introduced to obtairg I REC Preference PPO (ours)

REC Preference PPO. &
Method Max. Eval. Rew. 5 500 |
PPO 9307 120 %
Preference PPO 7190 93 >
Preference PPO 7775 662 g
+ Prob. Rew. Loss T}
Preference PPO 8294 555
+ Prob. Rew. Loss O =
+ Rew. Noise | L L ! L
Preference PPO 8151 433 0 05 1 15 2 25 3
¥ Prob. Rew Loss Environment Steps 10’

+ Reset Ensemble (REC)

Fig. 5. The average evaluation reward over 3 di erently seeded runs is shown
here. The shaded area represents the standard deviation. The plot shows
the training of the continuous powerloop using PPO with the real reward,
B. Evaluation on the Quadrotor Preference PPO with 1000 synthetic labels and REC Preference PPO with
’ 1000 synthetic labels as well.

We evaluate four training con gurations in the Flight-
mare [25] simulator, which are visualized in Fig. 3. The mean
best evaluation reward over three dierent seeds for eah Real Human Feedback
method is shown in Table Il. The mean episode reward isFinally we test our method REC Preference PPO using a
visualized in Fig. 5 for training of the quadrotor powerloopreal human annotator. In this experiment, the settings are the
comparing the handcrafted shaped reward with PPO, Prefeame as in the experiments with synthetic preferences, with
ence PPO, and REC Preference PPO using 1000 synthdtie only di erence being that the feedback is given by the
preferences, respectively. human instead of synthetically through the handcrafted reward.
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