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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. However, manually designed reward functions
for such tasks often fail to capture the qualities that matter: we
find that hand-crafted rewards agree with human judgment only
60.7% of the time, underscoring the need for preference-driven
approaches. In this work, we propose Reward Ensemble under
Confidence (REC), a probabilistic reward learning framework
for PbRL that explicitly models per-timestep reward uncer-
tainty through an ensemble of distributional reward models. By
propagating uncertainty into the preference loss and leveraging
disagreement for exploration, REC achieves 88.4% of shaped
reward performance on acrobatic quadrotor control, compared
to 55.2% with standard Preference PPO. We train policies
in simulation and successfully transfer them zero-shot to the
real world, demonstrating complex acrobatic maneuvers learned
purely from preference feedback. We further validate REC on
a continuous control benchmark, confirming its applicability
beyond the domain of aerial robotics.

Index Terms—Aerial Systems: Perception and Autonomy, Ma-
chine Learning for Robot Control, Reinforcement Learning

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 [1] and
search-and-rescue to inspection [2]. Reinforcement learning
(RL) has shown promise in enabling such high-performance
control policies, even surpassing expert human pilots in com-
petitive environments [1]. 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.

Acrobatic flight compounds this difficulty due to its highly
nonlinear dynamics, rapid state transitions, and narrow mar-
gins for error. Small differences in execution can distinguish a
smooth, visually compelling maneuver from a jerky or failed
one, yet formalizing such distinctions in a reward function
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Fig. 1. Overview of the proposed approach. (a) In simulation, trajectory

pairs (71, 72) are presented to an annotator (human or synthetic) to collect
preference labels. These labels train an ensemble of reward models with un-
certainty estimation, which provides the reward signal for policy optimization
via reinforcement learning. (b) The resulting policy is transferred zero-shot
to a real quadrotor to execute acrobatic maneuvers.

requires extensive domain expertise and iterative tuning. Even
carefully engineered rewards may fail to reflect what observers
actually prefer: as we show in this work, hand-crafted rewards
agree with human judgment only 60.7% of the time.

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 comparisons between trajectory segments [3]. This ap-
proach 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 requires comparative
judgments between behaviors, decoupling the quality of the
learned policy from the skill level of the feedback source.

Despite the promise of PbRL, its application in real-world
robotics has been limited. Most prior work has focused on
simulated benchmarks, and applications to physical systems,
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particularly agile drones, remain scarce. Existing methods also
tend to overlook the uncertainty inherent in preferences, which
can lead to instability or suboptimal learning when feedback
is noisy or sparse. Without accounting for this uncertainty,
reward models can overfit to ambiguous preference labels,
leading to brittle policies that may fail to deploy.

In this work, we propose Reward Ensemble under Confi-
dence (REC), a probabilistic preference-based reinforcement
learning framework for acrobatic drone flight. REC introduces
an ensemble of distributional reward models that explic-
itly capture per-timestep reward uncertainty and propagate
it through the preference loss via a Gaussian cumulative
distribution function.

The key insight behind REC is that preference feedback
is inherently probabilistic: when two trajectories are similar in
quality, the preferred choice is noisy and uncertain. Rather than
treating preferences as deterministic labels, REC models each
per-timestep reward as a distribution, allowing the framework
to naturally express confidence in its predictions. This uncer-
tainty is further leveraged through ensemble disagreement to
encourage exploration in reward regions where the model is
least certain, resulting in more stable training and stronger
policy performance under limited preference supervision.

We validate our approach through simulation and real-world
experiments on acrobatic quadrotor control, as well as on a
standard continuous control benchmark. Our contributions are
as follows:

1) We propose REC, a probabilistic reward learning frame-
work that models per-timestep reward uncertainty within
an ensemble of reward models, replacing the standard
Bradley-Terry softmax with a distributional preference
model.

2) We demonstrate that REC achieves 88.4% of shaped
reward performance on acrobatic quadrotor control,
compared to 55.2% with standard Preference PPO, rep-
resenting a substantial improvement in preference-based
learning for agile flight.

3) We successfully transfer learned policies zero-shot to
a real 220 g quadrotor, executing acrobatic maneuvers
including continuous powerloops and a novel vertical
Figure-8 learned purely from preference feedback.

4) We show that hand-crafted reward functions agree with
human judgment only 60.7% of the time, highlighting
the limitations of manual reward engineering for tasks
with subjective objectives.

II. RELATED WORKS

Preference-Based Reinforcement Learning. Preference-
based reinforcement learning (PbRL) enables agents to learn
policies directly from comparisons between trajectory seg-
ments, typically provided by human evaluators, bypassing the
need for manually designed reward functions. This approach
was introduced by [3] and has since inspired numerous ad-
vances. Furthermore, limitations in time and sample efficiency
have been mitigated through approaches that actively generate
pairwise comparisons guided by information gain [4], by
selecting batches of comparison pairs [5], and active volume

removal [6]. Recent efforts include enhancing exploration
efficiency through unsupervised pretraining [7], incorporating
transformer-based reward models to capture temporal and non-
Markovian aspects of human feedback [8], and exploring
implicit reward learning via Q-functions without explicitly
modeled rewards [9]. Similarly, [10] leverage reward uncer-
tainty from ensemble disagreement to drive exploration in
preference-based learning.

Real-World Deployments of PbRL. Despite its success in
simulation, PbRL has seen limited application in real-world
robotics, though recent studies show growing interest. One
line of research improves sample efficiency by leveraging pre-
trained preference models from prior tasks, enabling adapta-
tion to novel tasks on robotic manipulators [11], or using priors
obtained from pre-trained LLMs for higher quality candidates
in PbRL to achieve expressive behaviors on a quadruped [12].
Another approach combines demonstrations with preference
queries to address the inefficiencies of standard PbRL and the
limitations of inverse reinforcement learning [13].

Reinforcement Learning in Quadrotor Control. Rein-
forcement learning has significantly advanced quadrotor con-
trol capabilities, with remarkable successes in drone racing [1],
[14], robust maneuvering under disturbances [15], and agile
flight tasks [16], [17]. Recent works have further demonstrated
vision-based RL without using any state information [18], [19].
However, most of these methods rely on manually engineered
reward functions. To the best of our knowledge, PbRL has
not been applied to quadrotor acrobatics. Our work addresses
this gap, demonstrating both simulation efficacy and real-world
feasibility using preference feedback from both synthetic and
human sources.

III. METHODOLOGY
A. Preliminaries

We consider a traditional RL setting in which an agent
interacts with an environment. The agent receives an obser-
vation o; from the environment, while taking an action a; in
the environment. For each observation-action pair (o;, a;), the
agent receives a reward r; = r(0;,a,). In traditional RL, this
reward is provided by a hand-crafted set of rules. In PbRL,
we use no hand-crafted rewards but a learned reward model
instead, which is trained using preference labels obtained
from ranking pairs of trajectories. In Online PbRL, these
preference labels are collected by repeatedly presenting pairs
of trajectories to an annotator, who selects the preferred one.
This labeling process alternates with policy optimization to
iteratively improve the agent’s behavior.

Trajectory. We denote a trajectory 7 as a sequence of
observation—action pairs (0;,a;) of length N:

7= (01,a1),(02,a2),...,(on,an) , )

where o; is the observation at timestep i and a; the corre-
sponding action. The total reward of a trajectory r(7) is the
sum of the rewards at each timestep:

r(r) = ”I-NZI ri. 2)



The reinforcement learning objective can be formalized aghich is known as the Bradley Terry (BT) model. In our

maximizing the expected sum of discounted rewards: notation, we refer to a predicted variable &ywhereas ground
I truth variables are referred to &
01/— # _
max Bg ¢ WEVEMaxEg ¢ g VoA (3) Cross Entropy Loss.In Preference PPO [23], the reward

where ¢ denotes the policyg ¢ represents trajectoriesmodel Ais optimized by minimizing the cross entropy loss
sampled from the policy, and/2 »0-1vis the discount factor. between the BT model predictions and the true labels, using
the following loss:
0 h
B. QuadrotFJr System Model - . . los</0 = 2 Jogiigl | g %o
We consider the problem of learning acrobatic ight poli- 1gi-g-Fo2
cies for a quadrotor platform. We use Flightmare [20] and he i (6)
Agilicious [21] for training in simulation and deploying in the ,11 2% Jogimgligleo .
real world. The quadrotor dynamics are modeled as
Synthetic Preference Generation.To assess the perfor-
Vw mance of our preference-based RL method, we use synthetic

E dws 0.2 preferences, which serve as an oracle representing preferences
)= 8wy 2= 8, - B _ based on the total handcrafted reward of each compared trajec-
log = dws * fprop, faerd . Ow tory in the training environment [3]. The preferred trajectory
a J ' prop, aero ' Il is the one that achieves a higher reward in the given task. The
1 detailed reward functions of each environment are described

SS

oo ) in Appendix V-A.
where  denotes qugter'mon-bg_sed rotatipive , Gwe » Vw » 1) Unsupervised PretrainingAs presented in [7] the pre-
and! g are the _veh|cle_s po_smon, orientation, velocny, an?raining step is used to improve the initial exploration of
angular rates)) is the inertia tensor; mot the motor time the policy. In preference-based learning, this is especially
constant, and , ssthe current and commanded rotor Speedﬁ'seful, as there is no guidance for the policy before the

Przﬁ)ulsmn andvserodyTamlce edcts grehcapturetz,blyp,' ﬁf‘ap reward model has been trained. To train the reward model,
andl aero aero VVE& €MPIOY & qUA rafic thrust model wit _ataéome labeled trajectories are necessary. To encourage explo-
driven corrections following [1]; see [22] for further details.

) . : : e ration, an intrinsic reward is given based on the state entro
The policy observation at tim€consists of positior?c 2 g i

. . ‘ 1P = Eg q:p200tdiB°% As this is intractable, a particle-
3 3
R®, I|_nelar velogltyECZ R°, the r_st two colgmns of the rotgtlon based entropy estimator [24] is used:
matrix ' ¢ 2 R®, angular velocityl ¢ 2 R®, and the previous o)
actionO¢ 1 2 R*. The action space consists of collective thrust M ;>6'kB Bk (7)
and body rates (CTBR))c 2 R*. The shaped reward used 8

for the PPO baseline and synthetic preference generation_is L . SeC
described in Appendix V-A. r\:mally, the intrinsic reward for unsupervised exploratigt

is given by the distance to the-th nearest neighbor of the

. . current stateBs;
C. Preference-based Reinforcement Learning &

To formalize preference-based reinforcement learning, A=GRP = ;>61KB Bk (8)
we rst de ne the concepts ofPreferenceand Preference
Modeling Cross Entropy Lossand Synthetic Preference
Generation

2) Query and Reward Training Schedulindhe process
of collecting new preferences, also known as querying, and
retraining the reward predictor follows the same schedule:
the reward model is retrained every time new preferences are

athered.

'B e schedules are specied in terms @afc4,g Which
represents the number of time-step interactions between the
reinforcement learning agent and the environment. We de ne

%O— if ALgi® j AlgC— an epoch as the intgrval between two consecu_tiye instances
Ng—gP=_05 if AgP = Ago— ) of preference collection and.reward model retrgmmg. Conse-
) . guently, the epoch counter increments each time the reward

Tl- i Al Y At model is updated. The hyperparameters for the preference-

Preference Modeling.A commonly used model of prefer- based methods are listed in Table B2 in Appendix V-B.
ence judgment, as is also being done in [3], is viewing the 3) Query Selection:We select and pair trajectories for
rewardA of a trajectoryg as a latent variable that determinepreference comparisons using three distinct heuristics. Each
the choices of the annotator. More precisely, the probability afethod contributes one-third of the total pairs, and each
preferring one trajectory over the other is given by the softmdrajectory is used at most once.
of the two rewards, a) Random:Pairs are selected at random. This serves as

exptA° the default during the initial pairing phase before the reward
a1 ig2°= XPA . expAS ()  model has been trained.

Preference.A preference labeP 2 »0-1Yis assigned by a
judgeto a pair of trajectories, re ecting the relative preferenc
between them. We assume that preferences are determine
an underlying reward functioA: g! R, where



b) Ensemble DisagreemenAll possible pairs are gen- the deterministic preference model. We derive the preference
erated from the available trajectories, and each pair receivess by minimizing the cross-entropy with respect to this
a preference label from every ensemble member. Pairs arebabilistic preference:

then sorted in descending order by the number of ensemble B O h’)s o o B

members that disagree, and the highest-disagreement pairs are losstA® = ?log7g; i 9,

selected such that no trajectory is repeated. rgi-g-7°2 i (14)
c) Current with Previous EpochHere, an epoch refers to 11 ?%Jog 1 ’.Ngf ig go .

the interval between two reward retraining phases. A trajectory

generated after the most recent reward update is paired with b) Standard Deviation Target LossTo encourage more

one generated before it. stable standard deviation estimates across ensemble members,
we introduce an additional loss term. This term penalizes
the squared error between a target standard devi&ii@aesac

D. REC Preference PPO - : :
] _ _ o and the mean standard deviation across all timesteps in the
In this section, we introduce REC, a probabilistic rewarfeference dataset,:

learning framework that explicity models uncertainty in the ,
predicted reward. REC consists of three components: a prob- losg =*f fconede (15)

abilistic loss function for the reward model, an “ncerta'mXNithout this regularization, ensemble members can collapse

aware reward aggregation strategy, and an ensemble resefigyentical predictions with near-zero standard deviation,

mechanism. e ectively recovering the deterministic Bradley-Terry model

1) Loss Function: and negating the bene ts of probabilistic modeling.
a) Probabilistic Cross Entropy Loss.For the reward

model, we use an ensemblefsempie(denoteds= for brevity) 2) Rewgrq Aggregation:To provide the reward signall fqr
multi-layer perceptrons. Each ensemble member takes RRIICY optimization, we aggregate the ensemble predictions
current observation-action palee @9 as input and outputs USINg @ noisy aggregatlpn method_ that increases the reward in
a scalar reward predictioff . The distributional reward M€91ons of high uncertainty, following the approach of [10]:

parameters are obtained from the ensemble statistics: a 1G

x Moo= = Aprear i I (16)
G pred ~ — pred

Agpred_ Ad*>c- @ = std ngpredO%:%:l ¢ &
1

1
eart>c- Q0 = -

& where- is drawn from:

9)
We model the reward at each timestep as a sample from a © E 1 ¢; 1 G ° az
normal distribution parameterized by these ensemble statistics: - N -0- - -/%p,ed - Atp,ed® (17)
81 o1 5
A>c-Q@ N Aneant>c Q- Ad'>c- @ (10) « « -

The absolute value ensures that ensemble disagreement always

The reward for the whole trajectory is then given b . " : .
e} J y 9 y results in a positive reward bonus, encouraging the policy

AlgP N Aneart>c— Q°— Agl>c— Q0 » (11) to visit states where the reward model is uncertain. This
c drives exploration toward regions where additional preference
Assuming independence across timesteps, we can rewrite f8RAback would be most informative.
as: | 3) Ensemble Resetting3efore each reward model retrain-
) Sg——m ing, we evaluate each ensemble member separately on the
Ag® N Anear>c- - Astgt>c- @02 newly added preferences. We then re-initialize the weights
c c | 12) of the worst-performing=aspac2 0— ¢ * * wembi¥4ensemble
' members. This prevents poorly performing members from
=N Anear'g°—Ad'd° ° corrupting the ensemble statistics and helps maintain diver-

sity among the ensemble, which is essential for meaningful
Given the distribution for the trajectory rewardtge, we uncertainty estimates. Without resetting, ensemble members
can model the preference between two trajectories. Here,can converge to similar predictions over time, reducing the
denotes the cumulative distribution function (CDF) of the ectiveness of both the probabilistic loss and the uncertainty-
standard normal, which gives the probability that a samp#iven exploration. Unless otherwise speci ed, we Baggsc

from Alg,° is larger than one fromg°: 1 in our experiments.
!
g i g0 = é“eanlglo Aneari @° . (13) IV. Results
At cr%?, Atdl®? A. DM Control Evaluation

Note that this replaces the Bradley-Terry softmax in Eq. 6 with To validate REC beyond aerial robotics, we evaluate on the
a Gaussian CDF preference model that naturally incorporatealker-walk task from the DM Control Suite [25], using the
reward uncertainty. When ensemble members agree and ithplementation of Tai et al. [26]. We ablate each component
standard deviations approach zero, this formulation recovefsREC with respect to Preference PPO across 3 seeds, using



the same hyperparameters as in [23]. Fig. 2 shows the me&a89 1575 (552%) for standard Preference PPO. Notably,

episode reward during training, and Table | reports the bdREC also exhibits substantially lower variance across seeds,

evaluation reward per method. Each component improves ouadicating more reliable convergence on this challenging ex-

the Preference PPO baseline, with the probabilistic loss apldration problem.

reward noise yielding the largest gains. Ensemble resetting TABLE I

slightly reduces mean reward on this task but decreases vafi2ximum evaluation reward during training of the continuous powerloop
L. . . task. Values represent the highest mean evaluation reward across three seeds

ance from' 5>5t0 433, |nd|cat|ng more consistent training. ( standard deviation). Components of REC are incrementally introduced

Its bene t is more pronounced on the quadrotor task (Table I1), starting from the Preference PPO baseline.

where maintaining ensemble diversity has greater impact.

Method Max. Eval. Rew.
PPO (shaped reward) 4324 1908
1000 Preference PPO 2389 1575
Preference PPO 2810 1874
+ Prob. Rew. Loss
- 800 Preference PPO 1539 1742
a + Prob. Rew. Loss
3 + Reward Noise
600 Preference PPO 3824 80-8
5 + Prob. Rew. Loss
T | " ] + Rew. Noise
= 400 / =1 PPO (shaped reward) + Reset Ensemble (REC)
= f [ Preference PPO
w 200l 4 [ Preference PPO + Prob. Loss ||
/ [ Preference PPO + Prob. Loss + Gauss EXp
o [ 1REC Preference PPO (ours)
0 : ‘ ‘ C. Preference Feedback from a Human Annotator
0 1 2 3 4

166 We evaluate REC Preference PPO using preference labels
provided by a human annotator. The experimental settings

Fig. 2. Average reward on thevalker-walk task with 1000 synthetic are identical to the_ Synth_etlc prefer_ence experiments, with _the
preferences while training. Shaded areas denote standard deviation acrog§l@otator comparing trajectory pairs rendered from the sim-
seeds. PPO with the shaped environment reward serves as the upper basglegor. The annotator has the additional option of responding
é\llglgtlon components are introduced incrementally to obtain REC Preferenqecan.t tell', in which case the pair is discarded and replaced.
Of the 1064 comparisons shown, 1000 valid preference labels

were collected. The complete training and labeling process

TABLE | took 4 h 43 min. Since no ground-truth reward is assumed to be
Maximum evaluation reward during training on thelker-walktask. Values available in this setting, the policy checkpoint for evaluation

represent the highest mean evaluation reward across three sesdsmdard :
deviation). Components of REC are incrementally introduced starting frorif:llnd _deployment I§ selected by the annotator rather than by
the Preference PPO baseline. maximum evaluation reward.
Table Il shows the agreement between the annotator's

Environment Steps

Method Max. Eval. Rew. . . .
PPO 9307 120 preferences and those implied by the shaped reward function.
Preference PPO 7190 9:3 Excluding ties, the two agree onB0-7% of the time. Rather
Preference PPO 7775 662 than indicating poor annotation quality, this low agreement
+ Prob. Rew. Loss - L . .
Preference PPO 8204 555 highlights the limitations of the shaped reward in capturing
+ Prob. Rew. Loss the qualities that an observer considers important when eval-
+ Rew. Noise uating acrobatic maneuvers. Despite this misalignment, the
Preference PPO 8151 433 . .
+ Prob. Rew. Loss policy trained from human preferences successfully executes
+ Rew. Noise the powerloop maneuver both in simulation and on the real
+ Reset Ensemble (REC) platform (Section 1V-D), suggesting that preference feedback

captures task-relevant information that the shaped reward does
not fully encode. Extending the annotation process to multi-
) ple evaluators and analyzing inter-annotator agreement would
B. Evaluation on the Quadrotor provide further insight into the consistency and robustness of
We evaluate four training con gurations in the Flight-preference signals for acrobatic tasks.

mare [20] simulator: PPO with the shaped reward, Preference

PPO, and REC Preference PPO with both synthetic and human TABLE Il

preferences. Stop-motion visualizations of the best rollouts arkgreement between the shaped reward function and the human annotator.

shown in Fig. 3, and Table Il reports the mean best evaluatiﬁf?ws indicate the shaped reward's preference, columns the human's choice.

. i e shaped reward never produces ties by construction. Excluding human tie
reward across three seeds. Fig. 5 shows the evaluation reward responses, the two sources agre®®i% of cases.
over training for the continuous powerloop task using 1000 _
synthetic preferences. REC Preference PPO achieves a mean Human: g Human: g Human: tie
. . Reward: g1 323 167 37
evaluation reward oB824 808, corresponding tdB84% Reward: g 196 238 39

of the shaped reward baseliné3g:4 1908), compared to
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