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ABSTRACT

Offline reinforcement learning (RL) holds the promise of training effective policies
from static datasets without the need for costly online interactions. However, offline
RL faces key limitations, most notably the challenge of generalizing to unseen
or infrequently encountered state-action pairs. When a value function is learned
from limited data in sparse-reward environments, it can become overly optimistic
about parts of the space that are poorly represented, leading to unreliable value
estimates and degraded policy quality. To address these challenges, we introduce
a novel approach based on contrastive preference learning that bypasses direct
value function estimation. Our method trains policies by contrasting successful
demonstrations with failure behaviors present in the dataset, as well as synthetic
behaviors generated outside the support of the dataset distribution. This contrastive
formulation mitigates overestimation bias and improves robustness in offline learn-
ing. Empirical results on challenging sparse-reward offline RL benchmarks show
that our method substantially outperforms existing state-of-the-art baselines in both
learning efficiency and final performance.

1 INTRODUCTION

Offline reinforcement learning (RL) (Levine et al., 2020; Prudencio et al., 2024) aims to learn
high-quality decision policies purely from static datasets, without requiring additional environment
interactions. This paradigm offers a compelling route for deploying RL in real-world domains where
data collection is costly, risky, or constrained—such as robotics, healthcare, or recommendation
systems. However, offline RL remains fundamentally challenging due to the distributional mismatch
between the policy being learned and the limited data it learns from.

A core issue lies in the extrapolation error that arises when learned value functions are queried on
state-action pairs not well represented in the dataset. This is particularly problematic in sparse-reward
settings, where the dataset may lack sufficient reward-bearing trajectories or behavioral diversity.
As a result, value-based methods can become overly optimistic in poorly covered regions of the
state-action space, leading to unstable or suboptimal policies (Levine et al., 2020).

To address this, prior work has largely focused on three classes of solutions. First, pessimism-based
approaches mitigate overestimation by explicitly penalizing uncertain or unsupported regions in
the learned value function. Techniques such as conservative Q-learning (Kumar et al., 2020) or
uncertainty-aware backups enforce value suppression on out-of-distribution actions. However, these
methods often rely on assumptions about the behavior policy and require careful calibration of the
degree of pessimism, which becomes increasingly difficult in high-dimensional or sparse settings
(Liu et al., 2020; Xie et al., 2021). Second, regularization-based methods constrain policy updates to
remain close to the behavior policy by adding policy divergence penalties (Wu et al., 2019; Kumar
et al., 2019; Fujimoto & Gu, 2021). While effective in well-covered datasets, these methods can be
brittle when tuning the regularization strength and may fail to explore beyond suboptimal behaviors
(Lee et al., 2021; Brandfonbrener et al., 2021; Lyu et al., 2022). Third, importance sampling-based
techniques, including DICE-style distribution correction (Cen et al., 2024; Lee et al., 2021), attempt to
re-weight observed rewards based on estimated marginal state-action densities. Although theoretically
sound and behavior-agnostic, these methods are sensitive to support mismatches and can suffer from
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high variance or instability, especially when the data are limited or reward signals are sparse (Xie
et al., 2021; Li et al., 2022; Cen et al., 2024).

In this paper, we propose a fundamentally different approach that avoids direct value function
estimation altogether. We introduce PREFORL (PREFerence-based Optimization for Of�ine RL), a
contrastive preference learning framework that optimizes policies by comparing successful (preferred)
and unsuccessful (nonpreferred) behaviors from a static dataset. Previous work such as CPL (Hejna
et al., 2024) and DPPO (An et al., 2023) has considered this setting, although not explicitly in the
of�ine RL context. Nonetheless, simply contrasting successful and unsuccessful behaviors does
not resolve overestimation in datasets with limited state–action coverage, since the policy can still
become overly optimistic in poorly represented regions due to the absence of strong counterexamples.
Crucially, in PREFORL, we extend the contrastive signal beyond failure behaviors present in the
dataset to include synthetic behaviors generated outside the dataset's support. By contrasting both
types of behaviors against successful demonstrations, our method trains policies to imitate not just
what succeeds, but to actively avoid what likely fails or lies outside the dataset's support.

This formulation enables us to sidestep the estimation pitfalls of value-based methods while di-
rectly combating overestimation. Our empirical evaluation on challenging sparse-reward of�ine RL
benchmarks shows that this contrastive approach leads to more stable learning and substantially
outperforms existing state-of-the-art of�ine RL baselines.

2 PROBLEM FORMULATION AND MOTIVATIONS

We formulate the reinforcement learning problem in the context of a Markov Decision Process (MDP)
M = hS; A; T; r; 
; � 0i , whereS is the state space,A is the action space,T : S � A � S !
[0; 1] is the transition probability functionT (s0 j s; a), r : S � A ! R is the reward function,

 2 (0; 1) is the discount factor, and� 0 : S ! [0; 1] is the initial state distribution. A policy
� : S � A ! [0; 1] maps each state to a distribution over actions. Let� = fs 0; a0; s1; a1; : : :g
denote a trajectory sampled by interacting with the MDP under policy� , i.e.,s0 � � 0, at � �(� j s t ),
st+1 � T (� j s t ; at ). Then, the discounted state-action distribution induced by� is de�ned as
d� (s; a) = (1 � 
)

P 1
t=0 
 t E� �� [1[st = s; a t = a]] . The goal is to learn a policy� � (ajs) that

maximizes the expected discounted return:Es0 ;a 0 ;s1;:::�d � � [� 1
0 
 t r(s t ; at )]. In of�ine RL, the

agent does not have access to the environmentM , and instead must learn a policy solely from
a static datasetD collected from some (possibly unknown) behavior policy� � . We de�ne D =
S N

i=1 � i ; where �i = f(s (i)
t ; a(i)

t ; r (i)
t ; s(i)

t+1 )gT i
t=1 ; with N trajectories in total andTi denoting the

length of thei -th trajectory. The empirical state-action distribution of the dataset is denoteddD (s; a),
which approximatesd� � (s; a). We consider the challenging setting of sparse reward of�ine RL, where
informative reward signals are infrequent and the datasetD predominantly consists of transitions
with zero or low rewards, making it dif�cult to identify and generalize from successful behaviors.
Formally, we assumeD = (D + ; D � ); whereD+ contains successful trajectories andD � contains
unsuccessful trajectories. For a trajectory� = f(s t ; at ; r t ; st+1 )gT

t=1 , let R(� ) =
P T

t=1 r t denote
its cumulative return. We de�neD+ = f� 2 D j R(� ) > �g; and D � = f� 2 D j R(� ) � �g;
where� is a threshold. For example, in many sparse-reward environments� = 0 , since trajectories
that terminate in goal states receive a positive terminal reward, while those that do not yield zero
cumulative return. We de�ned� (s) as the optimal state marginal, which can be viewed as a state
distribution of successful trajectories D+ in the dataset D.

The Advantage Preference Model. In Direct Preference Optimization (DPO) (Rafailov et al.,
2023), a Bradley-Terry (BT) (Bradley & Terry, 1952) model is built on top of the hidden reward model
r E given by expert users to capture the preferences of pairs of answers(y1; y2) � � � (yjx) . While
DPO and other reinforcement learning from human feedback (RLHF) algorithms (Christiano et al.,
2017) have shown strong performance for large language models (LLMs)—which can be framed as
contextual bandit problems—they are not directly suited for general RL tasks where trajectory-level
preferences are crucial for solving long-horizon problems. To that end, we de�ne a trajectory of length
n as� = (s 0; a0; : : : ; sn�1 ; an�1 ), and introduce the notion of a length-k representative segment,
denoted by& = �(�; k) = (ŝ 0; â0; : : : ; ŝk�1 ; âk�1 ), which approximates the overall quality and
semantics of its original trajectory� = T (&) . Each(ŝt ; ât ) in the segment is sampled from� , with
the constraint that their original indicesI � (t) are strictly increasing to preserve temporal order. We
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denote a segment-level preferences as&+ > &� , which we assume it re�ects overall preference for
their corresponding full trajectories, i.e.,T (&+ ) > T (&� ). Recent work such as Knox et al. (2024)
estimates such preferences by comparing partial discounted returns

P k
t 
 t r(s t ; at ) for trajectory

segments. However, in settings with sparse or highly imbalanced rewards, this return-based signal
may be too weak or misleading to support reliable comparisons. To mitigate this, we instead adopt an
advantage-based preference model in Contrastive Preference Learning (CPL) (Hejna et al., 2024),
which focuses on distinguishing successful behaviors not just based on returns, but through their
relative quality under advantage estimation:

PA � [� + > � � ] = P A � [&+ > &� ] =
exp

P
&+ 
 t A � (ŝ+

t ; â+
t )

exp
P

&+ 
 t A � (ŝ+
t ; â+

t ) + exp
P

&� 
 t A � (ŝ �
t ; â�

t )
; (1)

whereA � denotes the optimal advantage function, and� + = T (&+ ) and� � = T (&� ) are two
complete trajectories. We use the shorthand "+" and "-" to denote the preferred / less preferred
representative segments.

Contrastive Preference Learning (CPL). Hejna et al. (2024) eliminates the hidden optimal
advantage functionA � in the advantage-based preference model in the context of maximum entropy
RL (Ziebart, 2018; Ziebart et al., 2008; Haarnoja et al., 2017). The derivation is straightforward, as
Ziebart (2018) provides a critical insight, i.e., the optimal advantage functionA � and optimal policy
� � (ajs) has a direct relationship:

A � (s; a) = �log� � (ajs); (2)

assuming that the optimal advantage function is normalized
R

eA � (s;a)=� da = 1. This means that
instead of learning an implicit optimal advantage function, CPL can leverage the preference model to
acquire the optimal policy directly. Given an of�ine preference datasetD = (D + ; D � ), the learning
objective is to minimize the following loss function while increasing the likelihood of actions in the
datasets.

L CPL(� � ; D) = E (&+ ;&� )�D [�log
exp

P
&+ 
 t �log� � (s+

t ; a+
t )

exp
P

&+ 
 t �log� � (s+
t ; a+

t ) + exp�
P

&� 
 t �log� � (s�
t ; a�

t )
];

(3)

where(&+ ; &� ) � D denotes drawing a pair with &+ � D + ; &� � D � , and� 2 (0; 1] denotes the
asymmetric "bias" regularizer (An et al., 2023) that down-weights the negative segments.

3 PREFERENCE-BASED POLICY OPTIMIZATION

In Section 2, we reviewed contrastive preference learning (CPL) and its potential for effective policy
learning in sparse-reward of�ine RL by leveraging a static preference datasetDpref . However,
simply contrasting successful (preferred) and unsuccessful (non-preferred) behaviors does not resolve
overestimation in datasets with limited state–action coverage, as the policy can still become overly
optimistic in underrepresented regions due to the lack of strong counterexamples. In this section, we
address the support mismatch issue by developing a practical of�ine RL algorithm called PREFORL
for sparse-reward of�ine datasets (Qiu, 2026).

3.1 DEGRADATION

To mitigate the support mismatch issue, our key idea is to augment the of�ine datasetD with
synthetically generated suboptimal trajectories, treated as non-preferred examples. By training
policies to prefer successful trajectories over both observed and synthetic failure cases, the framework
encourages imitation of high-quality behavior while simultaneously improving robustness against
failure modes and distributional drift.

Speci�cally, given a sparse-reward of�ine datasetD = (D + ; D � ), we take a successful trajectory
� + 2 D + and construct a corresponding less-preferred trajectory� � by applying a controlled
degradation operator—either action-based (#a ) or state-based (#s).
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Figure 1: Two variants of degradation. In the left �gure, action-based degradation (#s) is applied to
degrade the actiona to �a using Gaussian noise. In the right �gure, state-based degradation (#s) is
used to degrade the actiona in trajectory� 1 by �nding a substitution action�a correspond a neighbor
state in a less preferred trajectory� 2. Red arrows with solid lines denotes the original actions, and the
red arrows with dashed lines denotes degraded actions.

Action-based Degradation#a . To achieve the requirement above, our action-based degrada-
tion method injects noises into the actions within the dataset (see Figure 1 left). GivenD+ =
S N

i=1 f(s (i)
t ; a(i)

t )gT i
t=1 , we construct a degraded datasetD#a by adding Gaussian noise to each action:

a(i)�
t = a (i)

t + � (i)
t ; � (i)

t � N (0; � 2I);

D#a =
N[

i=1

f(s (i)
t ; a(i)�

t )gT i
t=1 : (4)

Here,� is a tunable noise parameter whose impact is analyzed in Appendix C. By construction, the
original dataset of successful trajectories is preferred over its degraded counterpart:

D+ > D #a :

State-based Degradation#s . Instead of perturbing actions directly, state-based degradation con-
structs suboptimal behavior by reassigning actions from nearby states (see Figure 1 right). Given
D+ =

S N
i=1 f(s (i)

t ; a(i)
t )gT i

t=1 , we build a degraded datasetD#s by, for each states(i)
t , retrieving the

action from a nearest-neighbor state s(j)
t 0 recorded in the non-preferred dataset D� :

a(i)�
t = a (j)

t 0 ; s(j)
t 0 2 NearestNeighborSearch(D � ; s(i)

t );

D#s =
N[

i=1

f(s (i)
t ; a(i)�

t )gT i
t=1 : (5)

In practice, nearest neighbors can be retrieved using Euclidean distance in vector-based state spaces
or feature-space distances in high-dimensional (e.g., image-based) environments. By construction,
the dataset of successful trajectories is preferred over its degraded counterpart:

D+ > D #s :

The philosophy behind both degradation methods is to generate suboptimal datasets that serve as
the basis for constructing preference datasets for policy optimization. State-based degradationD#s

provides contrastive signals over nearby failure behaviors already present in the dataset, whereas
action-based degradationD#a introduces synthetic behaviors sampled outside the dataset's support.
PREFORL can be viewed as a “squeezing" strategy: successful behaviors are sandwiched by synthetic
degradations that bound what is preferable. By contrasting these degraded behaviors against successful
trajectories, PREFORL trains policies not only to imitate what succeeds, but also to explicitly avoid
behaviors that are likely to fail or fall outside the dataset's support.
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Algorithm 1 Preference-based Optimization for Of�ine RL (PREFORL)

Require: Policy parameters� , of�ine dataset of trajectoriesD = (D + ; D � ), k-length representative
segment sampling function�(�; k) , representative segment lengthk, temperature� , contrastive
bias �, discount factor 
.

Ensure: Policy � � (s)
for j = 0; 1; : : : ; N � 1 do

D+
j = f g; D �

j = f g
for m = 0; 1; : : : ; M � 1 do

� m = (: : : ; s t ; at ; : : :)�D +

& = �(� m ; k) = (: : : ; ŝ t ; ât ; : : : ; ŝl ; âk ) . Build representative segment &
D+

j = D +
j [ f&g . Collect preferred segments (+)

end for

Construct D�
j = D #a

j [ D #s
j from D+

j via Equation 4 and 5

� j+1 = arg min
�

1
jD +

j jT

X

&� 2D �
j

T �1X

t=0

[�log
exp

P
&+ 
 t �L +

exp
P

&+ 
 t �L + + exp�
P

&� 
 t �L � ],

where L� = log� � (ŝ �
t ; â�

t ). . Update the policy ��
end for

3.2 PREFORL LOSS FUNCTION

Given a sparse-reward of�ine datasetD = (D + ; D � ), we construct a contrastive preference dataset:

Dpref =
�
D+ ; D#s [ D #a �

:

Unlike CPL, which contrastsD+ with D � , PREFORL instead contrastsD+ with the degraded
datasetsD#s [ D #a to guide policy learning. The PREFORL loss functionL PREFORL(� � ; Dpref ) is
de�ned as:

E(&+ ;&� )�D pref [�log
exp

P
&+ 
 t �log� � (ŝ+

t ; â+
t )

exp
P

&+ 
 t �log� � (ŝ+
t ; â+

t ) + exp�
P

&� 
 t �log� � (ŝ �
t ; â�

t )
] (6)

Relation to BC and Of�ine RL. PREFORL leverages preference learning to address key limitations
of Behavior Cloning (BC) (Pomerleau, 1988) and of�ine RL. BC merely imitates demonstrations and
fails under distribution shift, while of�ine RL often suffers from value overestimation in sparse-reward
datasets with limited coverage. By contrasting successful demonstrations with synthetic degradations
outside the dataset's support, PREFORL mitigates overestimation and guides policies away from
brittle behaviors toward more robust and reliable trajectories. In other words, contrastive training in
PREFORL encourages policies to learn not just from what succeeds, but also from what fails or lies
outside the support of the dataset's distribution.

3.3 ALGORITHM OVERVIEW

We present the overview of PREFORL in Algorithm 1. Given an initial policy� � , in each iteration,
we sample multiple preferred representative segments&+ from D+ , and build their corresponding
less preferred degraded segments&� . At the end of each iteration, we optimize policy� � using
PREFORL loss function shows in Equation 6. Note that PREFORL is an of�ine algorithm that does
not requires online interaction with the environment.

3.4 THEORETICAL JUSTIFICATION.

De�ne the state marginals ofdD , d� , andd� asdD (s), d� (s), andd� (s). Assume� � as the optimal
policy whose induced state marginal distribution coincides withd� (s), i.e., the distribution over states
visited by successful trajectories inD+ . The following bound on the performance gap between the
learned and optimal policies is established based on the above assumption in Cen et al. (2024):

jV � (� 0) � V � �
(� 0)j �

2Rmax

1 � 

DTV(d� (s) k dD (s)) +

2Rmax

1 � 

Ed� (s) [DTV(�(�js) k � � (�js))] ;
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Pen Hammer Door Relocate

Figure 2: Hand manipulation tasks in Adroit.

whereRmax = max s;a kr(s; a)k is the maximum reward. This shows that we can minimize

DTV(�(�js) k � � (�js)) to optimize the learned policy� . Let PA � (&+
k ; &�

k ) = Bern( eA � (& +
k )

eA � (& +
k ) +e A � (& �

k )
)

andPÂ (&+
k ; &�

k ) = Bern( eÂ(& +
k )

eÂ(& +
k ) +e Â(& �

k )
), where Bern denotes Bernoulli distribution. Then the cross-

entropyL PREFORLloss function in Equation 6 can be re-written in terms of the advantage functions as
follows:

L PREFORL(Â; D pref ) = E (&+
k ;&�

k )�D pref

�
DKL

�
PA � (&+

k ; &�
k )kPÂ (&+

k ; &�
k )

��

We show that Algorithm 1 establishes a connection between minimizingL PREFORL(Â; D pref ) and
minimizing the TV divergence between the learned policy � and the expert policy �� .

Lemma 3.1. Let�(ajs) = eÂ(s;a)=�

Z(s) and � � (ajs) = eA � (s;a)=�

Z � (s) , with softmax temperature� > 0 .
Suppose that the perturbed segments cover the full action space for each state s � d� . Then:

L PREFORL (Â; D pref ) ! 0 =) E s�d � [DTV (� � (�js) k �(�js))] ! 0:

The assumption that the perturbed segments cover the action space ensures that segment preferences
suf�ciently constrain all state-action pairs. Therefore, minimizing the loss function encourages policy
imitation of the distribution of successful trajectories D+ in the dataset D.

4 EXPERIMENTS AND EVALUATIONS

We implemented our algorithm in a tool called PREFORL. In this section, we evaluate PREFORL
algorithm in various challenging domains including MetaWorld (Yu et al., 2020a), Adroit and
Maze2D from D4RL (Fu et al., 2021) benchmark, and Sparse-MuJoCo proposed in a previous
of�ine RL work (Cen et al., 2024).

Adroit. The Adroit (Rajeswaran et al., 2018) domain is designed for controlling a 24-DoF simulated
Shadow Hand robot to complete different tasks. Demonstration of human experts and scripted
controllers are given to evaluate the effectiveness of different RL or non-RL algorithms. In D4RL
(Fu et al., 2021), Adroit is re-designed for of�ine RL setting only. We consider four tasks, i.e., pen,
hammer, relocate and door (see Figure 2). In each task, three different types of datasets are provided
to evaluate the robustness of learning algorithm. Among them, two types of datasets are adopted
from the original paper (Rajeswaran et al., 2018): human with 25 trajectories collected from human
experts, and a large amount of expert demonstrations sampled from a �ne-tuned RL policy. Besides,
each cloned is a mixing dataset which combines 50 percentage of expert demonstrations, and 50
percentage episodes sampled from a imitation policy trained on the demonstrations. We choose one
imitation learning algorithm BC, and four of�ine RL algorithms (CQL, IQL, TD3+BC, CDE and
ReBRAC) as baselines. Table 1 denotes the normalized scores of PREFORL algorithms against
other baselines on Adroit tasks. Results indicate that PREFORL algorithm demonstrates competitive
performance against other baselines and outperforms previous state-of-the-art of�ine RL algorithm in
majority of environments.
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Task BC CQL IQL TD3+BC CDE ReBRAC CPL PREFORL

pen-human 34.4 37.5 81.5±17.5 81.8±14.9 72.1 103.5±14.1100.1±2.2 119.1±3.1
pen-cloned 56.9 39.2 77.2±17.7 61.4±19.3 42.1 91.8±21.791.2±2.2 92.0±3.3
pen-expert 85.1 107.0 133.6±16.0 146.0±7.3 105.0 154.1±5.4130.9±3.2 144.8±3.1

door-human 0.5 9.9 3.1±2.0 -0.1±0.0 7.7 0.0±0.0 11.9±0.8 15.5±3.2
door-cloned -0.1 0.4 0.8±1.0 0.1±0.6 0.1 1.1±2.6 3.6±3.5 16.3±0.7
door-expert 34.9 101.5 105.3±2.8 84.6±44.5 105.9 104.6±2.4105.8±0.2 106.0±0.0

hammer-human 1.5 4.4 2.5±1.9 0.4±0.4 1.9 0.2±0.2 15.1±8.7 16.6±3.0
hammer-cloned 0.8 2.1 1.1±0.5 0.8±0.7 7.3 6.7±3.7 13.2±8.1 28.4±3.2
hammer-expert 125.6 86.7 129.6±0.5 117.0±30.9 126.3 133.8±0.7128.3±0.3 128.6±0.2

relocate-human 0.0 0.2 0.1±0.1 -0.2±0.0 0.3 0.0±0.0 0.6±0.0 0.9±0.3
relocate-cloned -0.1 -0.1 0.2±0.4 -0.1±0.1 0.2 0.9±1.6 0.5±0.1 0.9±0.1
relocate-expert 101.3 95.0 106.5±2.5 107.3±1.6 102.6 106.6±3.2110.2±0.4 111.2±0.7

Table 1: Normalized scores of PREFORL against other baselines on D4RL Adroit tasks. BC, CQL
and IQL scores were taken from Fu et al. (2021), TD3+BC and ReBRAC scores were taken from
Tarasov et al. (2023), and CDE scores were taken from Cen et al. (2024). Our reported results are
averaged over 5 random seeds, and each data point consists of 20 evaluation trajectories.

Task BCQ CQL IQL TD3+BC CDE ReBRAC CPL PREFORL

halfcheetah-medium 57.8±13.2 97.6±4.1 76.6±5.8 41.6±17.6 82.0±8.6 100.096.0±2.0 96.8±1.8
walker2d-medium 41.0±11.5 17.7±10.4 19.5±4.2 21.0±16.7 53.0±11.7 42.0 85.3±6.1 98.0±3.5
hopper-medium 2.0±4.0 74.0±5.0 0.0±0.0 0.0±0.0 85.5±5.7 96.0 96.0±0.0 100.0±0.0
halfcheetah-medium-expert 24.8±9.8 4.2±5.8 95.4±4.2 0.0±0.0 95.2±2.9 0.0 47.3±4.6 100.0±0.0
walker2d-medium-expert 87.0±13.4 61.6±23.5 94.6±5.9 32.2±22.8 97.0±2.8 36.0100.0±0.0 100.0±0.0
hopper-medium-expert 20.0±11.0 0.0±0.0 94.8±2.8 22.0±10.8 97.0±1.4 21.0 0.0±0.0 98.4±3.6

Table 2: Success rate (in percent) of PREFORL against other baselines on Sparase-MuJoCo. CPL
and PREFORL results are averaged over 5 random seeds, and each data point consists of 50 evaluation
trajectories. Results of other baselines are taken from Cen et al. (2024) and Tarasov et al. (2023).

Sparse-MuJoCo. The Sparse-MuJoCo benchmark is proposed in CDE (Cen et al., 2024) and
originated from MuJoCo domain in D4RL (Fu et al., 2021) benchmark. Despite all episodes are
collected from inherently dense-reward based environments, the quality of each trajectory can be
classi�ed into success and failed categories by examining the episode return. Following the settings
in CDE, the return thresholds are set to be the 75-percentile of all episode returns in each dataset.
We set rewards to be 0 for all failed trajectories in the lower 75 percent, whereas 1 for other success
trajectories. In evaluation, a trajectory is considered successful when the return is above the threshold
and failed otherwise. On Sparse-MuJoCo, we choose BCQ, CQL, IQL, TD3+BC and CDE as
baselines. These of�ine RL algorithms utilize different methods to optimize policies or learn value
functions, and all of them leverage sparse reward information. In Table 2, PREFORL demonstrates
competitive performance against other of�ine RL algorithms in all domains, yet only utilizing reward
information indirectly to construct a sparse optimizing target. Details of experimental settings
including dataset formulation and return thresholds can be found in Appendix H.

Maze2D. The Maze2D domain includes navigation tasks aiming to instruct a 2D agent to reach
a �xed goal position. Three maze layouts are provided with increasing dif�culties, i.e., umaze,
medium, and large (see �gures in Table 3). Different from above-mentioned domains, the training
data distribution in Maze2D differs from its evaluation distribution, and the lengths of the trajectories
in the dataset varies. Speci�cally, in data collection process, a starting position and a goal position are
randomly sampled from valid positions in the maze, and an episode does not terminates if the agent
reach the goal. Instead, a new goal is randomly sampled and the previous successful episode would
be collected as if it is an independent trajectory. In evaluation, an agent that always start from a �xed
position is required to reach as many goals as possible within maximum episode steps. These goals
will be substitute by a newly randomized one if reached. Table 3 demonstrates the average returns of
PREFORL and other baselines (ReBRAC, CDE) on Maze2D tasks. To enable a fair comparison with
CPL on Maze2D, we introduced unsuccessful trajectories by relabeling the goal regions in a subset
of the original dataset trajectories. This generates explicit failure trajectories exclusively for CPL
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UMaze Medium Large

ReBRAC 2.07 0.71 0.34
CPL 1.19 0.54 0.34
CDE 1.05 0.57 0.55

PREFORL 2.22 0.67 0.63

Table 3: Figures show navigation tasks in different mazes in Maze2D. In each maze, red and green
balls denote start and goal positions. The table demonstrates average numbers of successes of
PREFORL against other baselines on Maze2D tasks. All results are averaged over 5 random seeds,
and each data point consists of 50 evaluation trajectories. Note that we use sparse rewards in Maze2D
environment, where 1 denotes one successful contact to the sampled goal and 0 otherwise.

to contrast successful versus unsuccessful rollouts. The results shows that PREFORL outperforms
the baselines in most environments, and can acquire high-quality policies consistently. It also shows
that PREFORL performs well in both narrow (Adroit) and diverse (Maze2D) dataset distributions.
Beyond Maze2D, we additionally evaluate PREFORL on the AntMaze navigation benchmarks from
D4RL (Fu et al., 2021). Detailed results are presented in Appendix G.

MetaWorld. The MetaWorld (Yu et al., 2020a) is a benchmark for meta-reinforcement learning
and multi-task learning. It consists of 50 diverse and challenging robotic manipulation tasks. We
select 16 diverse tasks from this benchmark and many of them are deemed most challenging tasks
(Seo et al., 2022). Then, we use the provided scripted controller to sample 50 expert demonstrations
for each selected environment. Since no reward signal is recorded, this is a typical learning-from-
demonstration problem. To evaluate the feasibility of applying PREFORL on high-dimensional
environments, we set the observation space of MetaWorld environments to be an 84� 84 RGB
image. We use BC as the sole baseline, since standard of�ine RL algorithms typically fail in settings
where only expert demonstrations are available and reward signals are absent. To handle image-
based observations, we use a pre-trained ResNet-50 (He et al., 2015) as the image encoder for both
PREFORL and BC, and other training details are left in Appendix H. The evaluation results are shown
in Table 4. The table shows, although BC is still a strong baseline in high-dimensional goal-achieving
tasks, the PREFORL algorithm outperforms it by a large margin in nearly every domain by using
sparse and limited arti�cial preference signals.

Summary. In summary, PREFORL achieves strong performance across diverse high-dimensional
control tasks and consistently outperforms BC, CPL, and other strong of�ine RL baselines (e.g.,
ReBRAC, TD3+BC, CDE) in complex sparse-reward domains, demonstrating its ability to learn
robust policies in the of�ine setting.

Our ablation studies (Appendix C) investigate the effect of the Gaussian perturbation variance�
and �nd that performance remains stable within a small-noise regime. This supports our analysis
that� must preserve locality, without requiring precise environment-speci�c tuning. Appendix D
examines the impact of the degraded-to-preferred dataset size, showing that PREFORL is highly
insensitive to the ratio and performs reliably. Appendix E provides sensitivity analyses for two
key hyperparameters, the contrastive bias coef�cient� and the representative segment lengthk,
demonstrating that PREFORL maintains stable performance across a broad range of settings without
requiring careful tuning. Finally, Appendix F reports additional comparisons against CPL and
ReBRAC on MetaWorld under dense-reward evaluation.
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