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ABSTRACT

A core challenge in model-based offline reinforcement learning
is constructing penalties over the state-action space of the offline
dataset, which is typically high-dimensional. We define “cliffs” as re-
gions in the state-action space where data density changes sharply,
and our investigation shows that existing approaches struggle with
accuracy near these cliffs. The formation of cliffs could be influ-
enced by human-defined parameters and objective physical laws,
often beyond the understanding of RL agents. This results in a lack
of established methods to address this issue. To overcome these
limitations, we propose Score as a Penalty for Model-based Of-
fline Reinforcement Learning (ScorePen-MORL). This innovative
approach generates penalties based on the gradient filed of dataset
density in the state-action space. ScorePen-MORL is a plug-and-play
solution that can achieve impressive results independently while
also enhancing the performance of baseline algorithms through the
joint effect. Our empirical findings demonstrate that cliff regions
in the dataset are a significant bottleneck in offline model-based
RL, and ScorePen-MORL effectively addresses this issue by gener-
ating highly sensitive penalties for these cliff regions. Through the
empirical results on the D4RL and NeoRL benchmarks, we find our
method outperforms recent strong model-based offline RL baseline
algorithms.
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1 INTRODUCTION

Offline reinforcement learning (RL), or batch RL, enables agents to
learn from pre-collected datasets, thus avoiding the need for costly
and potentially hazardous online exploration. This is especially
beneficial in safety-critical fields like robotics [15, 41, 42] and au-
tonomous driving [19], where online trial-and-error is impractical.
By using static datasets, offline RL ensures controlled training and
reduces risks associated with online data collection.

However, this approach poses significant challenges, with distri-
bution shifts being a primary concern [5, 22, 28, 33, 58? ]. Distribu-
tion shifts refer to the situation where the agent encounters state-
action pairs that substantially deviate from the training data, poten-
tially propagating inaccurate or extreme value estimates. This can
lead to poor policy evaluation and suboptimal performance [5, 22].
Addressing distribution shifts is essential for enhancing the robust-
ness and generalization of offline RL algorithms, ensuring their
effectiveness in dynamic real-world environments. Solutions to this
issue in offline RL typically fall into model-free [23, 38] and model-
based categories [16, 27, 34, 36, 57]. Model-free approaches often
incorporate conservatism by penalizing value functions for out-of-
distribution (OOD) actions or constraining the learned policy to
remain close to the behavior policy, thereby improving stability
and robustness in learning [2-4, 21-23, 49, 53, 54].

While model-free approaches are constrained to the data within
the offline dataset, model-based offline reinforcement learning aims
to improve data efficiency and generalization by employing learned
dynamic models to generate synthetic data. This synthetic data
enables the exploration of states not represented in the original
dataset, thereby expanding the available state space and poten-
tially enhancing the policy’s performance. However, model-based
offline RL introduces new technical challenges and reveals gaps
in existing theoretical frameworks. The introduction of learned
models entails the risk of errors, making conservatism essential. Re-
cent research addresses this issue by incorporating penalties based
on metrics such as the total variation distance between learned
and ground truth models. Yet, accurately computing this distance
remains challenging, prompting alternative strategies like regulariz-
ing value functions or adversarially modifying transition dynamics
without directly quantifying model uncertainty. Techniques such
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as MOPO [57] utilize aleatoric uncertainty derived from state pre-
dictions to penalize rewards, and data density estimates have been
explored as a basis for conservatism [32]. Despite these advances,
model-based offline RL continues to face technical challenges, with
recent theoretical insights suggesting that measures like the Bell-
man error may not fully capture ideal uncertainty [45], potentially
leading to less optimal performance compared to some model-free
methods.

The complexities of model-based offline reinforcement learning
remain unresolved, with many challenges still the subject of ongo-
ing research. For example, the "edge-of-reach” issue identified by
RAVL [40] illustrates a scenario where value overestimation occurs
for states that are only reachable at the final steps of rollouts in the
learned dynamics model, underscoring the complexities involved
in ensuring reliable policy performance. This provides insight that
many of the bottlenecks and challenges in model-based offline RL
may reside in subtle, hard-to-detect areas.

In this paper, we begin by identifying a critical challenge in
model-based offline RL, referred to as the “cliff regions” issue. This
issue exposes the limitations of existing penalty mechanisms, which
often depend on uncertainty measures and data density estimates,
particularly in regions of the offline dataset where data density
undergoes abrupt changes. We observe that existing methods gen-
erate penalties near these regions that fail to accurately reflect
uncertainty, resulting in ineffective utilization of the knowledge in
these regions. This issue is exacerbated when critical information
for optimizing policies is located in or near such regions, such as
the endpoints for a navigation task, leading to poor performance in
addressing the task. Furthermore, cliff regions pose significant ana-
lytical challenges; they are difficult to locate within the dataset due
to the unknown ground truth density function of the original data
distribution. Additionally, analyzing the diverse and unpredictable
origins of cliff regions, such as physical constraints like joint limits
in robotic systems, is challenging.

To address the "cliff regions" issue, our work leverages informa-
tion from the dataset’s gradient field by reconstructing it with a
score-based diffusion model and generating penalties based on the
model’s score outputs. We introduce a theoretical analysis demon-
strating the effectiveness of using scores as penalties to tackle the
cliff regions challenge, thereby expanding the current discourse
on the limitations of existing model-based offline reinforcement
learning (RL) approaches. Utilizing a fundamental property of score-
based diffusion models, which produce larger gradients for out-
of-distribution samples, we also investigate the exclusive use of
scores for penalty generation during training. Empirical results
show that we achieve competitive performance compared to a wide
range of methods that overlook the cliff regions issue, including
those utilizing conservatism [55], model uncertainty [13, 36], and
complexities of data distribution in synthetic rollouts [22, 52] for
penalty derivation. This work aims to enhance the robustness of
model-based offline RL methodologies, better equipping them to
address the challenges posed by dynamic environments and diverse
task requirements. The overall structure of our method refers to
Figure 1.

Our contributions are summarized as follows: We identify a previ-
ously unrecognized issue in model-based offline RL, termed the "cliff
regions” issue, and demonstrate its presence and impact on existing
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methods through simple experiments. To address this challenge, we
propose Score as a Penalty for Model-based Offline RL (ScorePen-
MORL), which leverages a score-based diffusion model to generate
penalties based on the gradient field of data density, effectively mit-
igating the difficulties posed by cliff regions and enhancing the ro-
bustness of the learning process. We extensively evaluate ScorePen-
MORL on multiple benchmarks, including D4RL and NeoRL, and
provide a detailed analysis of how the algorithm formulates penal-
ties that encourage conservatism. Our results demonstrate that
ScorePen alleviates cliff region issues and improves policy perfor-
mance in model-based offline RL. Additionally, ScorePen-MORL is a
plug-and-play solution that can be seamlessly integrated with other
baseline algorithms, offering further performance improvements.

2 RELATED WORKS
2.1 Offline RL

Offline (or batch) reinforcement learning (RL) aims to derive effec-
tive policies from a fixed dataset, which is gathered by unknown
behavior policies. A key challenge in this area is the distribution
shift, where agents often overestimate and favor out-of-distribution
(OOD) actions, resulting in diminished performance [5, 29]. To
tackle this issue, various strategies have been developed. These in-
clude constraining the learned policy to remain close to the original
behavior policy [4, 5, 21, 25, 39, 52], regularizing the critic to adopt
a more pessimistic outlook through ensemble techniques for OOD
actions [1, 2, 22], and implementing model-based approaches that
utilize uncertainty measurements. Importance sampling [6, 24, 47]
techniques also play a vital role in alleviating the adverse effects of
distribution shifts.

Particularly noteworthy are methods that learn density models
of the training data to constrain the agent’s behavior within the
data distribution [5, 6, 18, 22, 30, 35]. Additionally, some approaches
utilize the gradient field of the dataset to guide corrections in the
offline RL agent’s actions [26]. Building on these insights, our work
introduces a novel solution that leverages the score-based diffusion
model and the knowledge from the gradient field of the offline
dataset to address the cliff regions issue, offering greater flexibil-
ity in tackling bootstrapping errors and providing a more robust
framework for policy learning in offline RL. This approach enables
more precise value function approximations, enhancing overall
performance in offline RL tasks.

2.2 Model-based Offline RL

In the domain of model-based offline reinforcement learning (RL),
recent advancements have increasingly emphasized the integration
of penalization strategies designed to address model estimation
errors [16, 34, 57]. A notable example is the Method of Penalization
for Offline Policy Optimization (MOPO) [57], which implements
a penalization mechanism that adjusts the reward function in ac-
cordance with the maximum aleatoric uncertainty arising from dis-
crepancies between the true and estimated models. This approach
effectively aims to temper overoptimistic estimates that could lead
to suboptimal policy decisions.

The Model-based Reinforcement Learning (MOReL) framework
[16] employs a pessimistic strategy using an unknown state-action
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Figure 1: The overall structure of ScorePen-MORL involves training an ensemble of dynamics models to generate synthetic data
and a score-based diffusion model to reconstruct the gradient field of the offline dataset. During value function optimization,
the scores produced by the diffusion model are used to penalize the targets associated with the synthetic data.

detector to set a threshold that mitigates risks from model uncer-
tainty, highlighting the importance of conservative estimates in
uncertain environments. LOMPO [34] extends this approach by in-
corporating latent dynamics models for image data and quantifying
uncertainty through log-likelihood variance. COMBO [56] adopts a
Dyna-style approach, applying CQL to enforce low Q-values on out-
of-distribution (OOD) samples generated by the dynamics model.
RAMBO [37] incorporates conservatism by adversarially training
the dynamics model to minimize the value function while ensuring
accurate transition predictions. Concurrently proposed with our
method, CBOP [14] utilizes the model-based value expansion (MVE)
framework, adapting the weighting of h-step returns and employing
value variance across a model ensemble for conservative estimation.
The latest methods, including Count-MORL [17], which enhances
model-based offline RL by introducing count-based conservatism
through state-action pair counts to quantify estimation error, and
MOBILE [46] which penalize Bellman estimation inconsistencies
using uncertainty from a model ensemble.

2.3 Score-based Model

Recently, score-based generative models [8-10, 43, 44, 48] have
garnered significant attention in the field of machine learning. The
core principle behind these models is the representation of real data
distributions through a score function, which constitutes a vector
field indicating the direction of the greatest probability increase
for the data. By utilizing the learned score function as a prior, we
can employ Langevin Markov Chain Monte Carlo (MCMC) [50]
sampling techniques to generate high-quality data from random
noise. Score-based models have demonstrated remarkable success
across various modalities, including images [12, 44], audio [20], and
graphs [31].

In reinforcement learning (RL), various approaches [51] have
integrated score-based models to tackle challenges like object re-
arrangement. These methods typically aim to increase the likeli-
hood of states within the original distribution but often require
joint training with baseline algorithms, complicating implemen-
tation and limiting scalability. DiffCPS [11] introduces diffusion
models to offline RL by addressing constrained policy search with
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a primal-dual approach, approximating policy solutions through
dual iterations to achieve competitive performance. In contrast,
our method, ScorePen-MORL, incorporates score-based diffusion
models into the training of model-based offline RL, functioning
as a plug-and-play solution. The penalties generated by ScorePen-
MORL can be applied independently or in conjunction with other
baseline algorithms, enhancing their performance.

3 PRELIMINARIES

3.1 Markov Decision Process

We consider a Markov decision process (MDP), defined by the tu-
ple M = (S, A,P,r,dy,y), where S and A denote the state and
action spaces, respectively. The transition dynamics are described
by P : S x A — A(S), and the reward functionisr : S X A —
[—Rmax> Rmax]- Here, dy € A(S) represents the initial state distribu-
tion, and y € [0, 1) is the discount factor. The policy 7 : S — A(A)
defines a probability distribution over actions for each state.
The value function Vgr (s) is expressed as:

(o)
VE(8) =Exp | D ¥'r(star) [ s0 =5, )
t=0

which captures the expected cumulative discounted reward when
starting from state s and following policy 7, under the dynamics
governed by P and the reward function r.

To describe the discounted state visitation distribution under
policy 7 and transition dynamics P, we define:

di(s) = (1=y) )y Prlse = s | x. P), @)
t=0

which gives the discounted probability of being in state s at any time
step ¢. Similarly, the discounted state-action visitation distribution
is given by:

dp(s,a) = dg(s)n(a|s), (3)

which represents the joint distribution of visiting state s and taking
action a under policy 7 and transition dynamics P.
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3.2 RL and Offline RL

The objective of reinforcement learning (RL) is to learn a policy
m(als) that maximizes the expected cumulative return under dj:

1
max iy = o, [V, 0] = 1 Blsa-ap P @) @

In offline reinforcement learning (RL), the objective is to learn a
policy based solely on a pre-collected, static dataset without further
interaction with the environment. The agent is provided with the
offline dataset:

D= {(si, aj, ri,slf)}?zl, (5)
which contains transition tuples gathered by a behavior policy 7g.
The specifics of this policy is usually unknown. A major challenge
in offline RL arises from the fact that D only covers a limited subset
of the full state-action space. This limitation becomes particularly
problematic when critical transitions or actions that the optimal
policy depends on are missing from the dataset. As such, offline RL
aims to design algorithms capable of learning a policy 7 from this
fixed dataset, with the goal of minimizing the sub-optimality gap,
represented as VA’? - V/\Z’ where the goal is to make 7 approximate
the optimal policy 7* as closely as possible.

3.3 Model-based Offline RL

In model-based offline reinforcement learning (RL), the objective
is to derive an optimal policy by leveraging a learned dynamics
model. Given an offline dataset D, the dynamics model Tis typically
trained using maximum likelihood estimation (MLE), minimizing
the negative log-likelihood of state transitions in the dataset as
follows:

minE 4 )~ 0 [— logT(s" | s,a)| . (6)
T

Throughout this process, the reward function r(s, a) is assumed
to be known or well learned. With the tralilled model f we can
construct an estimated MDP, denoted as M. Any reinforcement
learning or planning algorithm can then be applied to M to derive
the optimal policy. However, since the dataset D only covers a
limited portion of the state-action space, the learned model may
be inaccurate for unobserved state-action pairs, making the policy
vulnerable to model exploitation. To address this issue, conservative
model-based methods like MOPO [57] and MOReL [16] introduce
uncertainty-aware optimization, penalizing policies for taking ac-
tions in regions where the model is uncertain. These methods aim to
optimize a lower bound on policy performance by incorporating un-
certainty estimates into the reward function, thereby discouraging
the policy from exploiting unreliable model predictions.

Despite the use of synthetic rollouts, model-based offline RL
methods must contend with the challenge of model inaccuracies.
A common solution is to incorporate conservatism, as seen in
uncertainty-penalized methods that adjust the reward by subtract-
ing a penalty proportional to model uncertainty. MOPO [57] pro-
pose a penalized reward function of the form:

7(s,a) = r(s,a) — Au(s, a), 7)

where u(s, a) represents the estimated model uncertainty for the
state-action pair (s, a). The policy is then optimized to maximize
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the cumulative penalized rewards:

ITI)/E(S,a)ng [r(s,a) — Au(s,a)] .

However, the primary challenge in such approaches, including
those of MOPO [57], Morel [16], and COMBO [55], is the difficulty
of obtaining a reliable uncertainty estimate u(s, a), which accurately
reflects the model’s estimation error for unobserved state-action
pairs in the offline dataset.

Byay [VZ,05)] ®)

4 METHOD

In this section, we propose our method, Score as a Penalty for
Model-based Offline Reinforcement Learning (ScorePen-MORL).
First, we describe the training process of our score-based diffusion
model. Next, we provide the motivation and theoretical analysis
for using the score as a penalty in model-based offline RL. Finally,
we explain how the penalty is applied during training and provide
the complete structure including pseudocode for ScorePen-MORL.

4.1 Training Score-based Diffusion Model to
Learn Offline Dataset Gradient Field

Before delving into the core details of our method, we first describe
how a score-based diffusion model is used to approximate the gra-
dient field of the dataset, V log pp(x), where p o (x) denotes the
probability distribution of state-action pairs x = (s, a) in the offline
dataset D. Utilizing the denoising score-matching model, this can
be achieved through minimizing the following loss:

©)

Here, X represents the noisy state-action pair, which follows the
forward transition distribution in the diffusion model:

: ] .
Lo = 3Bqsnpoeo [Ihe®) - Vxloga | 2]

q(x | x) = N(% | arx, o21),

where a; and o; are pre-defined noise schedules. However, this loss
is hard to optimize in practive. Thanks to the score-based diffusion
model, We can then rewrite the loss function:

1 [th(x +o0z) + g”i] ,

Lo = 5Bqxxpp (x)
where z ~ N(0,I). When the loss converges, we can sample the gra-
dient Vy log pp (x) ~ hg(x) from the learned score function h*(x)
by solving the diffusion ordinary differential equations (ODEs) /
stochastic differential equations (SDEs).

(10)

4.2 Motivation and Theoretical Analysis of
Using Score as Penalty in Model-based
Offline RL

Methods like Count-MORL [18] have shown that the estimation
error between the estimated and true transition dynamics is smaller
for state-action pairs more frequently observed in the offline dataset
D, providing an upper bound on the convergence rate based on
frequency. We introduce Theorem 1 and Corollary 1 of the Count-
MOoRL [18] as our Lemma 4.1 and 4.2:

LEMMA 4.1 (THEOREM 1 IN [18]). Fix € (0, 1), assume |M| < oo
and P* € M. Given a state-action pair (s, a) is observed in D with
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Ds.a ={(si,ai,5"i) }s;=s,a;=a and n(s, a) = |Ds q|. Define the MLE of
transition dynamics as

log P (s" | s,q) (11)

ﬁ( | s,a) € arg max
PeM (s,a,8")€Dsq

for a given (s, a). Then, with probability at least 1 — 6,

v (ﬁ(- I's,a), P*(- | s, a)) < w/% (12)

LEMMA 4.2 (COROLLARY 1 IN [18]). Given a state-action pair
(s,a) € S X A, with probability at least 1 — 8, the estimated transition
dynamics P satisfies the following inequality:

TV (1’5(. |'s,a), P*(- | s, a)) < C3(s.a) (13)

s . 2log(|M]/5)
where Cﬁ(s’ a) = min (1, \/%)

By focusing on the dataset’s gradient field rather than data den-
sity, we aim to reformulate this lemma to express the relationship
between the estimation error and the score Vy log pp (x), which
directly captures the gradient field information. We then use the
true dataset density function to approximate the p(s, a), which is
the original distribution the dataset Dy 4 is sampled from. We can
have Definition 4.3 similar to the Definition 1 in Count-MORL [18]:

Definition 4.3. Given true density function p(s, a) and the volume
of the whole dataset |Ds 4|, we define the estimation error bound
Cg : S X A — [0, 1] based on the true dataset density:

Cﬁ(s, a) := min (1, p(s,a) - |Ds.ql

The approximation error can be defined as follows:

(14)

Definition 4.4. Define the maximal approximation error between
estimation error bounds based on the true count and approximate
count over all state-action pairs as

= Cg(s, a)

€: (15)

sup

- 6‘2(3, a)l.
(5,a)ESXA p

The following lemma shows the gap of returns between the
estimated MDP M and the true MDP M* of any given policy x:

LemMMA 4.5 (LEMMA 1 1N [18]). Suppose M* and M are two MDPs
with the true transition dynamics P* and estimated transition dy-
namics P, respectively. Given the estimation error bound based on the
approximate count and the maximal approximation error €. Then,
with probability at least 1 — 8, for any policy r,
[(:‘g(s, a)] +

YRmax ¢
(1-y)?

For the term 5‘1 after training the score-based diffusion network

YRmax

-Vr. < —E ~dr
M (1 _y)Z (s,a) d};

VE
M

(16)

sg(s,a), for any x = (s, a) in the entire state-action space of the
offline dataset, we can use Langevin dynamics to sample a new
point x” = (s’, a’) with an expected higher dataset density:

17)

x" =x+e€-hg(x),
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where € is a constant. If py (x) > Cp, where Cp is a constant such
that 0 < Cp < 1, we establish the following theorem through a
straightforward derivation:

THEOREM 4.6. Given x = (s,a) and x’ = (s’,a’) sampled from x
using (9), given p(x’) = Cp, assume any order derivative of assume
p (x) exists and is continuous and bounded, we have

2log(IM|/8) | 1 )
lo — | < -]V lo s,a +C, 18
g( 2G.a) Doal| 5276 Vxloer(. a3 8)

the maximum of the lagrange remainder Y, ,—5 Ry (x) (x’ — x)".

This theorem provides the theoretical basis for directly using
the score, Vy log pp (x), as a penalty. The penalty will have a high
value when x” is within the distribution (i.e., p(x") > Cp), while
x is outside it. Suppose the agent is constrained to remain within
the dataset’s support, meaning p(x’) > Cp is always satisfied.
This penalty will theoretically prevent the agent from entering
transitions where the dataset’s density function rapidly decreases.

Notably, the score-based diffusion model naturally predicts a
large gradient when a data point is outside the dataset’s support.
This makes it feasible to use hg(x) directly as a penalty in the model-
based offline RL setting, which assigns a large penalty to a given
transition (s, a, s’) when either (s, a) is outside the dataset distribu-
tion or the transition experiences a rapid decline in data density. In
Section 5, we conduct experiments to prove this hypothesis.

4.3 Employing Penalties in Training Process
We develop ScorePen-MORL based on MOPO [57]. Similar to MOPO,

N
ScorePen-MORL trains an ensemble of dynamics models, {Té} "
i=

where the aggregate model is defined as fg = ﬁ Zf\:f 1 fé Each com-
ponent fé is a neural network that outputs a Gaussian distribution
over the next state and reward, trained via maximum likelihood.

ScorePen-MORL is trained in both synthetic and real data. For
each update during training, we generate synthetic rollouts with
h steps from states sampled from D and then add them to the
synthetic dataset D,,,4.;. We use the popular structure of soft
actor-critic (SAC) [7] to train the agent:

2
Leritic = E(s,a,r,s’)~DUZ)model [(Qz//k - y) ] > (19)

where the target value y is:

r+y [minkzl,z Qy: (s,a") —alogmy (a’ | s’)] ,
for (s,a,r,s’) € D

r+y [mink:LZ Ql/,]; (s,a") —alogmy (a’ | s’)] = Bllhe(s, a)||§
for (s,a,7,5") € Dmodel

(20)

As shown in Equation 20, we use only the second norm of the

score to penalize the targets of the samples from D,y el, following
Lemma 4.6. The policy 74 (als) is optimized by solving:

y=

7p = max EsL pup,oga [min Qyy (s,a) —alogmy(a | s)] . (21)
¢ a~mg k=1,2
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Algorithm 1 ScorePen-MORL

Require: Dataset 9, dynamics models {fé}i
ng and critics {Qy,, Qy, }-
1: Train the ensemble of dynamics models Tg(s’ ,rls, a)
N (pg(s,a),Zg(s, a)) on the offline dataset D.
2: Train the score-based diffusion model via minimizing Eq. 10.
3: for epoch = 1to N do
4:  Generate synthetic h-step rollouts by Ty and add synthetic
data to Dyy,p4del-
s:  Sample a mini-batch Batch = {s, a,r,s"} from D U D,p54e1-
6:  Compute targets for Batch according to Eq. 20.
7. Update critics y1, Y2 with gradient descent via minimizing
Eq. 19.
8. Update actor ¢ with gradient ascent via minimizing Eq. 21.
9: end for

v initialized policy

The pseudocode for the ScorePen-MORL algorithm is presented
in Algorithm 1.

5 EXPERIMENTS

In this section, we present a series of experiments aimed at address-
ing the following questions:

Q1: How does the “cliff regions” issue impact or limit current
model-based offline reinforcement learning algorithms?

Q2: How does our approach tackle the issue of the “cliff regions”?

Q3: How does ScorePen-MORL measure up against previous
state-of-the-art baseline algorithms?

Q4: Given that ScorePen-MORL and existing baseline algorithms
concentrate on different aspects, could integrating ScorePen-MORL
with them enhance overall performance?

5.1 Analysis with a Simple Environment

To address Q1 and Q2, we design a simple environment and in-
tentionally generate a dataset that creates the “cliff regions” issue.
States are represented as pairs (x,y), with bounded 2D actions
(6x, 6y) that update the agent’s position according to:

(6x,6y)
(x5, y) —— (x+0x,y + ay),

subject to | x|, [6y| < 0.05. The reward function, defined as R(s, a) =

exp (—% IIs = gll 2), decreases exponentially as the agent moves away

from the goal g = (0.2, 0.4). The initial state distribution is centered
at the origin, modeled by pg = U([—0.1,0.1]?). The maximum steps
of one episode is 30. The dataset is confined to a square region with
a side length of 1, centered within the environment, with data points
uniformly distributed inside and none outside. The boundary of this
dataset naturally forms the cliff region. We apply ScorePen-MORL,
Count-MORL (density-based), and MOBILE (uncertainty-based) to
this dataset to illustrate the distinctions between their respective
penalty mechanisms.

Figure 2 illustrates the environment, along with the penalties gen-
erated by all the algorithms and their corresponding performance.
We conduct a parameter search for each method over the penalty
coefficient, § € [0.25, 2] in increments of 0.25. When the penalty
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scale is low, all algorithms perform poorly as the agents consistently
approach states outside the dataset boundary while neglecting g. As
B increases, the performance of each algorithm gradually improves
and then decreases after reaching the optimal . However, during
this search, only ScorePen-MORL successfully finds the optimal
path. The baseline algorithms, Count-MORL and MOBILE [45], af-
ter learning to stay away from the dataset boundaries, also become
more conservative, maintaining a certain distance from both g and
the boundaries rather than truly approaching g. Also, ScorePen-
MORL’s penalties closely follow the dataset’s boundaries, whereas
other methods struggle to capture the rectangular structure. Those
results indicate that existing model-based offline RL algorithms,
due to their inability to analyze the cliff region in the dataset ac-
curately, struggle to find a trade-off point that allows agents to
effectively utilize information near the cliff while remaining within
the dataset’s distribution support.

We continue to analyze why existing model-based offline RL
algorithms struggle with penalties near the cliff region. For density-
based approaches, penalties are generated using estimated dataset
density functions, making their effectiveness highly dependent on
the accuracy of these estimates. Inaccurate reconstructed density
model can result in cumulative errors in gradient estimation, hin-
dering the propagation of critical information from cliff regions
to the RL agent. Count-based methods, which discretize the space
using tools such as hash codes, further reduce the precision of gradi-
ent information. Uncertainty-based approaches rely on ensembles
to estimate model uncertainty. Still, the limited expressiveness of
these ensembles often leads to inaccurate uncertainty estimates in
regions with sparse data, such as cliff areas. This misjudgment can
result in penalties that fail to guide the agent’s behavior near these
challenging regions appropriately.

5.2 Evaluation on the D4RL Benchmark

To answer Q3, we evaluate ScorePen-MORL on the standard offline
RL benchmark D4RL. We compare ScorePen-MORL with various
offline RL algorithms, categorized as follows: 1) Model-free meth-
ods: BC, CQL, TD3+BC, and EDAC. 2) Model-based methods:
MOPO, COMBO, TT, RAMBO, Count-MORL, and MOBILE.

We assess these approaches across twelve datasets for the Gym
domain, covering three environments: hopper, walker2d, and halfchee-
tah, which represent different robots. Each environment features
four types of datasets: random, medium, medium-replay, and medium-
expert. The random dataset contains transitions collected by a ran-
dom policy. The medium dataset consists of transitions collected
by an early-stopped SAC policy. Medium-replay includes the re-
play buffer generated during the training of the medium policy.
The medium-expert dataset contains a mixture of suboptimal and
expert data. All datasets utilized in our experiments are of the "v2"
version.

Table 1 presents the results of the normalized score and the
average performance across all datasets on the d4rl benchmark.
ScorePen-MORL outperforms all baseline algorithms in 8 out of 12
datasets and achieves the highest average score among all meth-
ods. These empirical results indicate that ScorePen-MORL, which
exploits the gradient field of the dataset to obtain conservatism
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Figure 2: The environmental setting is presented in (a). The performance results of algorithms with different penalty coefficients
B are shown in (b). In (c)-(e), we compare the differences of generated penalties between ScorePen-MORL and the baseline
algorithms. In (d), the penalties of Count-MORL are generated using tools like hash codes, resulting in a form that appears as a
linear transformation of the ground truth data density function. However, its boundaries do not completely align with the
dataset distribution’s edges. In (e), although uncertainty-based methods perform well in penalizing near the boundaries of the
original dataset distribution, there is a significant discrepancy in the correlation with data density near the dataset’s edges. The

penalties of MOBILE are visualized after 1 million training steps.

knowledge without requiring ensembles and their higher computa-
tional cost, can deliver a better policy than those based on dataset
density and uncertainty measures.

As ScorePen-MORL mainly focuses on the cliff regions and the
gradient field of the dataset, which is different from recent strong
baseline algorithms, we expect combining ScorePen-MORL with
them will achieve better performance, which will answer to Q4. In
Table 2, we conclude the related experimental results. Combining
our method with Count-MORL or MOBILE results in performance
improvements on 7 out of 12 datasets, with 5 datasets showing
better results compared to using our method alone. The results
suggest that integrating ScorePen-MORL with other algorithms
effectively addresses the cliff region issue and leads to improved
performance, aligning with our initial hypothesis.
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5.3 NEORL

NeoRL is a benchmark designed to simulate real-world scenar-
ios by collecting datasets using a more conservative policy, better
reflecting actual data-collection practices. The resulting narrow
and limited data presents challenges for offline RL algorithms. Our
study focuses on nine datasets, encompassing three environments:
HalfCheetah-v3, Hopper-v3, and Walker2d-v3. These datasets are
categorized into three types (L, M, H), representing low, medium,
and high-quality data. NeoRL provides varying training trajectories
(100, 1000, and 10000) for each task, and we selected a uniform
sample of 1000 trajectories for our experiments.

In table 3, our evaluation assesses the ScorePen-MORL’s perfor-
mance against recent strong baselines. We do not include COMBO,
TT, RAMBO, BC, TD3+BC, EDAC, and Count-MORL for low pefor-
mance or unknown parameter settings. As a result, a fair compari-
son would not be possible without appropriate tuning and publicly
available performance metrics for these methods.
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Table 1: Experimental results on the D4RL benchmark. ScorePen-MORL outperforms model-free and model-based baseline
algrotithms. All the results are averaged between 5 random seeds. The results of MOPO are derived from the reproduced

findings reported in Table 1 of the MOBILE paper.

Task Name | BC CQL TD3+BC EDAC | MOPO COMBO TT RAMBO Count-MORL MOBILE | ScorePen-MORL
ha-r 22 313 110 284 | 385 38.8 6.1 39.5 41.0 39.3 40.3+0.2
ho-r 37 53 8.5 253 | 317 17.9 6.9 254 30.7 31.9 32.3+0.6
wa-r 13 54 1.6 166 | 74 7.0 5.9 0.0 21.9 17.9 19.9+1.1
ha-m 432 469 483 659 | 73.0 542 469 779 76.5 74.6 79.2:0.4
ho-m 541 619 593 1016 | 6238 97.2 674 870 103.6 106.6 106.00.7
wa-m 709 795 837 925 | 841 819 813 849 87.6 87.7 91.7+0.8
ha-mr 37.6 453 446 613 | 721 551 441 687 715 717 77.6+1.8
ho-mr 166 863 609 1010 | 1035 895 994 995 101.7 103.9 105.8+0.6
wa-mr 203 768 818 87.1 | 856 560 826  89.2 87.7 89.9 93.0+1.3
ha-me 440 950 907 1063 | 908 9.0 950 954 100.0 108.2 112.3+4.2
ho-me 539 969 980 1107 | 8L6 1111 1100  88.2 1114 112.6 113.2+0.4
wa-me 901 1091 1101 1147 | 1129 1033 1019  56.7 112.3 115.2 112.5+1.1
Average | 365 616 582 76.0 | 703 668 623 677 78.8 80.0 |  82.0%l1

Table 2: Experimental results of ScorePen-MORL combined
with recent strong baseline algorithms Count-MORL and
MOBILE on the D4RL benchmark. ScorePen-MORL improves
baseline algorithms in 7 of 12 datasets. All the results are
averaged between 5 random seeds.

Task Name ‘ Count-MORL (w/ ours) MOBILE (w/ ours)

Table 3: Normalized average returns on NeoRL tasks, aver-
aged over 5 random seeds, indicate that ScorePen-MORL out-
performs all baseline algorithms on 5 out of 9 datasets and
achieves the highest overall average performance across all
datasets.

Task Name | COL MOPO MOBILE  Ours

HalfCheetah-L | 38.2  40.1 54.7 49.6+1.2
Hopper-L 160 62 174 21.1£23
Walker2d-L 47 116 376 514%14
HalfCheetah-M | 546  62.3 778 77.4%10
Hopper-M 645 1.0 511 90.9+13
Walker2d-M 573 399 622  65.8+1.6
HalfCheetah-H | 77.4  65.9 830 81410
Hopper-H 766 115 878 86313
Walker2d-H 753 180 749 78.0+18
Average 56.1 285 607  67.0+1.4

ha-r 41.0+£0.9 — 47.2+1.2 39.3+£3.0 — 44.6+2.8
ho-r 30.7+1.3 — 31.7£0.1 31.9+0.6 — 31.5+0.2
wa-r 21.9+0.2 — 20.4+0.3 17.946.6 — 19.9+0.7
ha-m 76.5+1.7 — 78.8+0.2 74.6+1.2 — 78.7+0.1
ho-m 103.6+3.7 — 105.4+0.6  106.6+0.6 — 106.1+0.7
wa-m 87.6+3.7 — 90.0+0.2 87.7+£1.1 — 89.7£1.8
ha-mr 71.5+1.8 — 71.0£1.5 71.7+1.2 — 71.5£1.1
ho-mr 101.7+£0.8 — 103.1+£0.7  103.9+1.0 — 104.3+0.6
wa-mr 87.7+£3.0 — 89.0+1.2 89.9+1.5 — 91.1+0.6
ha-me 100.0+4.9 — 100.7+£3.6  108.2+2.5 — 110.0+1.9
ho-me 111.4+0.5 — 113.1+0.4  112.6+0.2 — 113.3+0.3
wa-me 112.3+1.8 — 113.8+0.4 115.2+0.7 — 114.2+3.1
Average ‘ 78.8+2.0 — 80.4+0.9 80.0+1.7 — 81.2+1.2

Our results demonstrate that ScorePen-MORL consistently achieves
superior or competitive performance across most tasks by outper-
forming baseline algorithms in 5 of 9 datasets.

6 CONCLUSION

We identify the cliff region issue, a previously overlooked model-
based offline reinforcement learning bottleneck. We analyze how
this issue limits existing methods through logical reasoning and il-
lustrative experiments. To address the cliff region issue, we propose
Score as a Penalty for Model-based Offline Reinforcement Learning
(ScorePen-MORL). This novel plug-and-play algorithm employs a
score-based diffusion model to penalize out-of-distribution (OOD)

1396

synthetic state-action pairs using insights from the dataset’s gradi-
ent field, an area largely unexplored in previous research. We pro-
vide a detailed motivation and theoretical analysis for our approach.
Empirical results demonstrate that ScorePen-MORL achieves com-
parable or superior performance to recent strong baselines on its
own and enhances the performance of these baselines when inte-
grated. These findings underscore the importance of the cliff region
issue and the impact of ScorePen-MORL on advancing model-based
offline RL.
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