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ABSTRACT

Designing reward functions in Reinforcement Learning (RL) often demands sig-
nificant task-specific expertise. Offline Preference-based Reinforcement Learning
(PbRL) provides an effective alternative to address the complexity of reward design
by learning policies from offline datasets that contain human preferences between
trajectory pairs. Existing offline PbRL studies typically model a reward function by
maximizing its likelihood of generating the observed human preferences. However,
due to the varying number of samples within the limited dataset, less frequently
compared trajectories exhibit greater uncertainty, which potentially leads to un-
reliable behaviors during reward and policy updates. To solve this issue, in this
work, we introduce Uncertainty-Aware PbRL (UA-PbRL) to learn a distributional
reward model and a risk-sensitive policy from an offline preference dataset. Our
approach employs a Maximum A Posteriori (MAP) objective to update trajectory
rewards and incorporates an informative prior to account for the uncertainties.
Building upon this reward update, we propose a generative reward model to cap-
ture the reward distribution, utilizing the offline distributional Bellman operator
and the Conditional Value-at-Risk (CVaR) metric to train a risk-sensitive policy.
Experimental results demonstrate that UA-PbRL effectively identifies and avoids
states with high uncertainty, facilitating risk-averse behaviors across various tasks,
including robot control and language model alignment. The code is available at
https://github.com/Jasonxul225/UA-PbRL.

1 INTRODUCTION

In recent years, Reinforcement Learning has achieved remarkable success in addressing a variety
of sequential decision problems across different domains, such as electronic games (Mnih et al.,
2015} |Vinyals et al.l 2019} Berner et al., 2019), board games (Silver et al.,|2016;|2017)), and robotic
manipulation (Fang et al.|[2019). However, in the process of scaling these successes to real-world
applications, a notable challenge is the difficulty in precisely specifying the rewards in the RL
objective. Existing manually designed rewards or reward-engineering techniques cannot ensure that
the learned policy aligns with the actual needs of the industry.

To develop a reliable reward function, Preference-based Reinforcement Learning (PbRL) (Knox &
Stonel, 2008; |Christiano et al., 2017) aims to align rewards with human preferences by solving a
learning-to-rank problem. In this framework, agents do not receive numerical reward signals, but are
instead provided with preferences between pairs of trajectory segments, reflecting human-labeled
relative judgments. PbRL has garnered considerable attention in both online (Sadigh et al., 2017}
Ibarz et al., 2018} [Liang et al.| 2022} [Park et al.,|2022; |Cheng et al.,[2024), and offline (Shin et al.,
2021;|Kang et al., 2023} Zhang et al.,[2024c; |Choi et al.| [2024; | Zhan et al.,|2024) settings. In the online
setting, agents can interact with environments and query human experts, whereas the offline setting
prohibit such interactions. In this work, we focus on the offline PbRL setting, where the objective is to
learn an optimal policy solely from pre-collected offline demonstrations, with preference feedback on
pair-wise trajectory segments, without any active interaction with the environment or an expert. This
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approach is particularly promising in scenarios where collecting online trajectories and obtaining
human feedback is costly and challenging (Lee et al., [2021} [Shin et al., [2023]).

In practice, the frequency of comparisons across different samples within the offline dataset is
often highly imbalanced. While some samples may emerge with a higher ranking, they have
only been compared a limited number of times. These sparsely compared trajectories introduce
significant epistemic uncertainty, which stems from a lack of sufficient data (Smith & Gall [2018]).
This uncertainty compromises the reliability of the evaluation, reducing the model’s confidence in
accurately assessing the value of such pairs. To ensure more reliable preference alignment, it is
essential to account for the uncertainty during the alignment process. However, the Bradley-Terry
model (Bradley & Terry, |1952)), as a common approach to PbRL, is based on maximum likelihood
estimation and lacks sensitivity to inherent uncertainties from preference datasets. Consequently,
the resulting policy tends to be risk-neutral, disregarding potential safety concerns embedded in less
examined decision-making scenarios.

Striving for uncertainty-aware preference alignment, several studies (Liang et al., [2022; |Shin et al.,
2023} Xue et al.;|2023)) used ensembles and Bayesian dropout to estimate the uncertainty of reward
model. However, despite their empirical success, the underlying mechanism by which the estimated
ensembles correlate with uncertainty in human preferences remains largely unexplained. More
importantly, these approaches still rely on maximum likelihood estimation with a risk-neutral policy.

In this paper, we introduce an Uncertainty-Aware PbRL (UA-PbRL) algorithm that accounts for
the uncertainty in human preferences within offline demonstrations. Specifically, we formulate a
Maximum A Posteriori (MAP) objective for preference alignment, thereby incorporating signals from
an informative prior to the reward updates. By interpreting preference alignment as a voting process,
we intentionally select Beta distribution to implement this prior. To ensure computational tractability,
we parameterize the Beta distribution with neural functions and train the model via variational
inference, guided by an Evidence Lower Bound (ELBo) objective. Intuitively, this prior assigns
higher probabilities to trajectories that are compared more frequently, reflecting the confidence levels
associated with them. For each observed trajectory, we compute its reward using an iterative update
rule, derived from the optimality conditions of our MAP objective. The reward distribution is then
constructed by training a generative model conditioning on sequential state-action pairs.

To justify the effectiveness of the learned reward distribution, we train a risk-averse policy using the
offline distributional Bellman operator for policy evaluation, coupled with the Conditional Value-
at-Risk (CVaR) metric for policy improvement. The empirical results highlight the importance of
accounting for the inherent uncertainty arising from preference demonstrations, as well as the risk-
sensitive capabilities of the proposed method. In particular, UA-PbRL outperforms other baselines
in pointmaze environments and robot control tasks, especially in terms of worst-case performance.
Furthermore, we extended our experiments to the context of Large Language Model (LLM) alignment,
demonstrating the effectiveness of UA-PbRL for LLM fine-tuning.

2 RELATED WORKS

Preference-based Reinforcement Learning. PbRL considers aligning policies with human pref-
erences, eliminating the requirement for explicit reward signals (MacGlashan et al., | 2017; Warnell
et al.| [2018). Previous studies have successfully combined PbRL to deep RL agent (Christiano et al.,
2017) and high-dimensional image space (Ibarz et al.| | 2018). Building on this foundation, several
methods (Lee et al.,[2021; Liang et al.,[2022; |Park et al.,2022) further improve the sample efficiency
by incorporating techniques like pre-training and relabeling. Recent studies include learning from few
preference labels (Liu et al}2022) and meta-learning (Hejna III & Sadighl 2023). Some other works
introduce hindsight techniques (Verma & Metcalf, |2024; |Singh et al.| 2024). Recently, offline PbRL
has gained attention for optimizing policies with an offline dataset, addressing safety and sample effi-
ciency concerns. Existing offline PbRL algorithms primarily utilize the Bradley-Terry model (Bradley
& Terryl |1952) to model the likelihood of human preference based on reward signals (Shin et al.,
2021} Kim et al.| 2023} |Choi et al.,[2024; [Zhang et al.l 2024c). However, such a maximum likelihood
method is insensitive to the underlying confidence in human preferences (Newman), 2023)). Another
line of research bypasses the need for learning a reward model by directly aligning policies with
human preferences (An et al., [2023}; [Kang et al.,2023; Hejna & Sadighl [2023}; [Hejna et al., [2024]),
while these approaches similarly neglect the uncertainty. Effectively handling this uncertainty and
deriving risk-sensitive policies remains a critical challenge (Casper et al.,[2023).
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Distributional Reinforcement Learning. While the majority of RL research focuses on maximizing

the expected cumulative rewards, Bellemare éf al. (2017) introduces a distributional perspective
on RL, utilizing the distributional Bellman operator for value function updates. Such distributional
value functions are sensitive to the uncertainty in the environment dynamics (Mavrin et al., 2019),
enabling the formulation of risk-sensitive policies (Lim & Malik, 2022; Keramati &t al., 2020) and
better controlling performance (Bellemare el[al., 2023). Some previous studies propose utilizing
categorical distributioni (Bellemare et|al., 2017; Sui e{ al., 2023), quantile functions (Dabney et al.,
2018M;a; Zhang & Ydo, 2019; Zhou et/al., 2020; 2021; Luo et al., 2022) and diffusion models (Wu
et al., 2023) for representing and updating the distributional value function. In this work, we utilize
quantile functions since the statistical bene t of quantile regression is most well-understood (Rowland
et al., 2023). Some recent studies extend distributional RL to of ine learning (Ma et al., 2021),
multi-dimensional rewards (Zhang et al., 2021), and multi-agent control (Hu et al., 2022; Sun et al.,
2021). However, none of the previous works have considered PbRL from a distributional perspective.

3 PROBLEM FORMULATION

Markov Decision Process (MDP).The agent optimizes the control policy under a Markov Decision
Process (MDPM = (S;A;R;pr; o, ), where 1)S andA denote the state and action spaces,
2)pr :S A! S denotes the stochastic transition function, whereis the simplex oves,
3R:S A [Rmin ; Rmax ] denotes the reward function, 4) 2 S denotes the initial state
distribution, and 5) 2 (0; 1]is the discounting factor. For brevity, we uske-g to denote the MDP
without knowing the reward. In this work, we mainly study the episodic MDPs where the planning
stops at a terminating state, and the corresponding terminating time is dendtei@s1 ).

Risk-Sensitive Reinforcement Learning.Under an MDP, the objective is to learn a policy S !
A, which optimizes the following objective:

= arg max R(st;a)l:

0Pt [
t=0

Instead of optimizing the risk-neutral expected cumulative rewards, we consider a risk-sensitive

measure ., . ,where the con dence level< 1. Speci cally, by implementing under the MDP

M , we generate a trajectory2 6 A )T . The corresponding trajectory-generating probability
canbedenedap ()= o(so) pt= 0 (atjst)pr (St+1jSt; & ). We de ne the corresponding risk

envelopdd =f : | 01 > ()p ()=1gtobeacompact, convex, and bounded set,
based on which the risk measure can be induced by the distorted probability dlstrg)utmn p .

In this work, we study the CVaR such that[ tTO 'RiJ=sup o,y E o[ () (= 'R
due to its time consistency and convexity (Rockafellar et al., 2000).

Uncertainty-Aware Preference-based Reinforcement Learning (UA-PbRL)Previous research on

PbRL typically learns a deterministic reward function (Christiano et al., 2017; Kim et al., 2023) under

a maximum likelihood objective. However, in real-world applications, the frequency of comparisons
among different samples within the of ine dataset is often highly imbalanced, which can signi cantly

in uence the safety and reliability of downstream control tasks. Intuitively, if a trajectory and its
counterparts have only been assessed a few times, the corresponding preference signals should
have large uncertainty. This uncertainty is closely linked to the model's con dence: the greater the
uncertainty, the lower the con dence in its predictions (Smith & Gal, 2018; Mena et al., 2021).

To better accommodate the underlying uncertainty in human preference datasets, we study an
uncertainty-aware objective for achieving UA-PbRL. Speci cally, we capture the uncertainty by
learning a distributional reward model : S A'! [Rmn :Rmax | (Section 4), and incorporate these
uncertainty signals into policy learning by utilizing the of ine distributional policy evaluation and the
risk-averse policy improvement (Section 5). To more accurately re ect the inherent uncertainty, we
assume the of ine preference dataset is inherently constructed as follows:

Assumption 3.1. (Of ine Preference Dataset). The preference dataset is constructed with a set of
policies = f q;:::; | g(with sizeL), where each policy exhibits distinct behaviors. For each
candidate policy | 2 , we generat®, trajectories in the environmemd _r. We uniformly sample

a pair of trajectorie ; 9 from atotal number oN, L generated trajectories. Humans express
preferences by mappir(g, 9 to( '; 1) where ' ranks higher than’. We repeat the sampling
and mapping process until we generate the datBset
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This data-collection paradigm is common in applications where publicly available or structured data is
lacking, such as robot control commands for embodied Al or event-related dialogue data for chatbots.
Even in tasks with abundant demonstration data, such as autonomous driving, the dataset is typically
collected from various agents (e.g., human drivers), each following their own distinct policies.

Imbalanced Preference DatasetDuring the trajectory generation process, under different contexts,
agents' policies tend to behave differently, exhibiting various levels of diversity in their movements.
For example, as illustrated in Figure 1 (left), policy chooses to move right and exhibits more
diverse behaviorgotentially due to the inherent stochasticity in the policy itself or the dynamics of

the environmentThis diversity leads to the generation of a broader range of trajectdries: ; 2’\'2,
compared to the more deterministic trajectories: : : ; N1 from ;. Due to this diversity, a speci ¢

trajectory such as? is less likely to be selected during the uniform sampling because of its scarcity.
Consequently, these trajectories will undergo fewer human comparisons, leading to lower con dence
for the reward model in assessing their true values.

Such a phenomenon is common in practice. For example, a risk-seeking operator may guide the
robot into unfamiliar environments. Given the partial observability of sensors and the presence of

unpredictable obstacles, the resulting policy tends to exhibit greater diversity compared to those in

more routine, less challenging environments. The scarcity of the resulting control trajectories must

be considered by assigning them lower con dence in the ranking or evaluation process.

Figure 1: An illustrative example of UA-PbRL. In this map, humans uniformly sample and compare
pairs of trajectories generated by policiesand ». The trajectory » is shorter in expectation, s@

is more likely to outperform the average trajectory compared to the longétowever, , generates

more diverse trajectories, resulting in fewer human comparisons and thus greater uncertainty for each
trajectory. Such uncertainty is captured by the distributional reward model, which steers a risk-averse
policy to navigate through a longer but more reliable path on the top-left map.

Based on the datasBt, we consider th®©f ine PbRL problem, where the agent has access solely to
an of ine dataset that records labeled trajectories instead of interacting directly with environments.

4 LEARNING GENERATIVE REWARD MODEL FROMHUMAN PREFERENCE

In this section, we present our approach to learning a distributional reward model by proposing: 1) an
MAP objective for inferring rewards from human preference (Sec. 4.1), 2) an informative Beta prior
for modeling uncertainty (Sec. 4.2), and 3) the method of learning generative rewards (Sec. 4.3).

4.1 MAXIMUM A POSTERIORIOBJECTIVE FORREWARD INFERENCE

Previous PbRL algorithms commonly utilize the Bradley-Terry model (Bradley & Terry, 1952) to
represent the log-likelihood of generating human preferences with the reward function:
1 X i er ()]
= — I |Og 7 X (1)
[|>] e (1 + ¢gr (1]

P - (' 1)2D . .
wherer- ( )= ., 'r (st;a) denotes the trajectory segment rewards parameterizedpy; ')
denotes a pair of trajectories whereranks higher than! , and! '* ' denotes the frequency of such
pairs appearing iD. The maximum likelihood objective implicitly imposes a uniform prior for( )

such thapo(r ( )) = 1=(Bee Ron ) |t places a vanishing fraction of its weight on arbitrarily

large values , which causes divergence in the reward function's parameters (Newman, 2023).

L(; D)

In a learning-to-rank problem, the winning probability that trajectdryvins against ! remains
unchanged under multiplication of all tke& ( ) by any constant factor. To de(ﬂ've a more useful
prior for the reward function, we enforce the geometric mean strength to be Qne"(( =1,

4
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ie., P .1+ (") =0) and thus the probability of a player with strength( ) winning against the

average player (whose strength( ) =1)is ()= & ()=(&" () +1). Consequently, the reward

represents the log odds of defeating the average trajectory. For brevity, weagseshorthand of
() to denote such probability. Then the prior on the reward function can be de ned as:

d d de () e )
Po(r (1)) = Pol )r(): Po( )WW: Po( )m

where the rst two equations can be derived by applying the chain pgdle.) is the prior, which can
follow different representations. This update enables the de nition of an MAP objective:

)

# o0 (3)
_ _ Y dr (1] Y r (1
p(r- ()ID) /- p(Djr ())po(r () = g (nsa (7 Pl )—(elr- (M+1)2°

(' 1o :

Instead of maximizing the likelihood, maximizing this posterior probability can integrate prior
knowledge and regularize the reward values, preventing them from diverging.

An essential prerequisite for implementing UA-PbRL with this MAP objective is the construction of
an informative priorpg( ). This prior incorporates the inherent uncertainty of human preferences
into the reward learning process. We introduce the estimatipg(of) in the following section.

4.2 LEARNING INFORMATIVE BETA PRIOR

In this study, we learn a Beta distribution as the informative prior flbme.,po( jD) = Betd ; ),

since 1) the Beta distribution is the conjugate prior for the Bernoulli distribution, facilitating the
update of our beliefs with new evidence; 2) the parameteasd of the Beta distribution can be
effectively interpreted as representing the count of positive and negative human feedback, respectively,
where "positive" refers to being preferred, while "negative" indicates not preferred. For a trajectory

as the number of such "votes" increases, our con dence in the inferred probability improves, resulting
in a more precise (or "sharper") distribution. This approach enables quantitatively incorporating the
con dence level of the Bernoulli probability estimation into our model. Building on this, we present

a discrete approach to learning the Beta distribution using statistics, detailed in Appendix B.4.

To learn the distribution in continuous spaces, we propose the variational inference approach to
approximatey( jD) by estimating the approximate posterip( jD) (i.e.,po( jD)"' q ( jD)).
The goal of our variational inference approach is to learn an approximate posterior distribution
g ( jD) by minimizing the Kullback—Leibler (KL) divergendey (q ( jD)kp( jD)):
h i h i h i
Dw g ( jD)kp( jD) = Eq logp(Dj ) + Dw a ( jD)kp( ) +log p(D) : (4)
Minimizing the above objective is equivalent to maximizing the Evidence Lower Bound (ELB0)

log[p(D)] Dw(g ( jD)kp( jD)). By following Equation (4), ELBo can be represented as:
h i h i

Eq logp(Dj ) Dw q ( jD)kp( ) : (5)
The corresponding trajectory-wise objective can be reinterpreted as follows:
h i
maxE Eq .(; 9an[log ()] Eq o )epllog ()] Diwla ( j)kp( )] ; (6)
where 1)q ( j )= Betd ; ),where[ ; ]= fB( ), andf B¥denotes a neural network

parameterized by, 2)p( ) = Betd o; o) where o; o de nes our initial belief (hyperparameters,
check Appendix B.3 for details), and 3] ) denotes the Bernoulli probability thatranks higher than

0. Since both the posterior distributian( j ) and the prior distributiop( ) are Beta-distributed,
we represent the KL divergence term by following the Dirichlet VAE (Joo et al., 2020):

. _ ( + ) ( 0)( o)
Dula (1 )ke( )=log  ———~ 0% o) tlog — ) () ) (i7)
+( o ()  + ) +( o )  + )
where 1) o; oJand[ ; ]are parameters from the prior and the posterior functions, anchp

denote the gamma and the digamma functions.

5
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4,3 LEARNING GENERATIVE REWARD MODEL

In this work, we leverage a conditional generative mddeto represent the jq_j,nt distribution of

the step-wise rewards in a trajectory, iff.,) p(rj )= f"( ), wheref( )= , 'f\ denotes

the trajectory reward. To enable ef cient estimation, we derive an iterative update rule based on the
MAP objective and estimated Beta prior. Speci cally, each time we sample rewards from the joint
distribution, and then update these rewards based on the following iterative update rule:

e () + 1]+ P L T OO 4 )
AL () =log ‘ P TRITEE ®)
SO +1]+ 1 e O + @ (]
where! i ' and! ' are calculated based on the datda3efhe design of this iterative update rule

is based on the following theorem:

Theorem 4.1. Let the informative priopy( ) be a beta distributioBetg ; ) ande () be the

strength of a trajectory segment Assuming the geometric mean strength to be 1, T.&,( ) = 1,
the iteration of Equation (8) will converge to the maximum of its MAP objective (i.e., Equation (3)
with po( ) the Beta prior), from any starting point, whenever a maximum exists.

The proof can be found in Appendix A. To train the generative reward model, we 1) sample rewards
from this model, 2) re ne these rewards based on Equation (8) under the guidance of human
preferences, and 3) update the reward model by tting it to the updated rewards (see Algorithm 1).

Model Implementation. In this work, we implement.” by adistributional reward transformer
parameterized by . For each trajectory, we s%;nple the initial step-wise reward§; : : :;r%] from
this reward model" ( ) and calculaté®( ) = tT:O 'O, By utilizing the reward update process

(Equation (8)), we compute the updated segment rew¥rds) afterK iterations, which approach
the actual MAP values due to Theorem 4.1. The corresponding loss function can be modeled as:

mnEp [(F* () FO()1> wheref® N ( ¢; 1): (9)

Herer? is sampled from a Gaussian distribution parameterized by meand variance ? like

in (Liu et al., 2024) with dropout layers (Srivastava et al., 2014). To derive tractable gradients, we
apply the reparameterization trick to genemfte= + ; where denotes samples from standard
Gaussian distribution. Both; and  are the predictions of a causal transformer such that:

[( t; t)i=]= CausalTransformésy;ag;:::;sr;ar): (10)

The detailed implementation can be found in Appendix B.1.

5 RISK-SENSITIVE PoLICY OPTIMIZATION

In this section, we introduce the approach to learning risk-sensitive policy that aligns with the inherent
uncertainty in human preferences. Speci cally, we employ the distributional Bellman operator to
model the distribution of discounted cumulative rewards from the of ine dataset (Sec. 5.1). Given the
estimated value distribution, we carry out policy improvement by maximizing the CVaR (Sec. 5.2).

5.1 OFFLINE DISTRIBUTIONAL PoOLICY EVALUATION
To enable distributional policy evaluation, we incorporate the learned reward gerfdratothe
original MDPM _g without knowing the ground-truth reward. The resulting running environment is

denoted ad/ _g [ f'. For brevity, we denote it d .

Given a policy , our goal isto learn a distriblytional action-value functmrgn (s; a) to estimate the
distribution of discounted cumulative rewardtlzO 'R(s¢; a) where the initial state-action pair
(so; ag) is based on an of ine datasBt. We represent the distribution Eifm by a uniform mixture
of supporting quantiles such tha& (st;a)= E vl (si:a)] Where estimates the quantile
at the quantile level and  denotes a Dirac distribution at.

To implement of ine update for the model parameterswe utilize the following Conservative

Distribution Evaluation (CDE) objective (Ma et al., 2021):
h X i

min Lro( )+ E vy Esp (log exp (s;@) Eap ( (s:d) ; (11)

a
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h i
Lo = BEp E(; o up;y (Pt +  ofSte1;a41) (st;a)) (12)

where 1) is the penalty weight, 2) is the -Huber quantile regression loss at threshol@Huber,
1964), and 3)st; at; St+1 ; a+1 ) is uniformly sampled from the trajectories in the datd3ethile ry
is sampled from our reward generafdr.

5.2 RISK-AVERSEPOLICY IMPROVEMENT

To better handle the underlying uncertainty in human preference, we adopt risk-averse policy updates
by maximizing the estimate of CVaR within return distributions. However, Lim & Malik (2022) indi-
cates that directly integrating CVaR-based policy improvement with distributional policy evaluation
does not necessarily guarantee convergence to the optimal policy. To overcome this issue, we utilize
the following distributional policy improvement objective for static CVaR (Lim & Malik, 2022):

(ag+1jster) =argmax E  yp;1;  (A(St+1) (Ste1a1))” (13)

at+1
whergf(si+1) = (p(st) ri)= keeps track of the reward history with the initial valuecpf =

Ea F, 1(S;a)( ) » WhereF, 1(s;a) denotes the inverse cumulative density function of distribution

Z (s;a). Asis shown in (Bauerle & Ott, 2011), converges to the optimal static CVaR policy by
iteratively calculatingy and updating under an MDP whose state space is augmentegi(bg.,
s=(s;q) 2S R ). Intuitively, qis a moving threshold keeping track of the accumulated rewards
until the current time step.

Practical Implementation. The complete UA-PbRL algorithm is presented in Algorithm 1.

Algorithm 1: Uncertainty-Aware Preference-based Reinforcement Learning (UA-PbRL)

Input: The preference dataset, reward learning epochd, maximum iteration&

Initialize reward modef ", Beta modef B®® action-value modei{M (s;a), and policy (ajs) ;
Build a bufferB that records all the recorded trajectorie®in

Update the Beta prior mod&Pe®@with the objective (6) until convergence;

forn=1;2; ;N do /I Distributional Reward Learning.
for 2B do

P
Sample rewardfy;:::;fr] f'( ) and calculaté( ) = tT:O Uhy
Estimate the beta prigr( ); “( )] = B );

Calculate the updateff () with the objective (8);
Update the reward modé!l with the objective (9).

end

end

for 2B do /I Risk-Sensitive Policy Optimization.
Sample step-wise rewarfy;:::;fr] ' ( ) for the trajectory ;

Update the distributional action-value functiﬁg‘ (s; @) with the objective (11);
Update the policy model(ajs) with the objective (13);
end

6 EMPIRICAL EVALUATION

In the empirical study, we start by illustrating the learned distributional reward model in discrete
Gridworld environments (Section 6.1). Next, we construct three Risky PointMaze environments
and empirically evaluate the effectiveness of the proposed UA-PbRL algorithm with trajectory
visualization (Section 6.2). To assess performance in more challenging settings, we also examine
two complex robot navigation tasks (Section 6.3). Lastly, we extend the experiments to explore the
application in Large Language Model alignment (Section 6.4).

Experiment Settings.Our experiments primarily utilize the public platform Uni-RLHF (Yuan et al.,
2024), which is tailored for of ine PbRL. Additionally, to accommodate the underlying uncertainties
during the preference learning process, we introduce risky regions by incorporating noise into
transitions within them, during both trajectory collecting and policy evaluating processes. We create
the of ine dataset by uniformly sampling from the expert policies trained online and then generating
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