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Abstract

The performance of Offline reinforcement learning is signifi-
cantly impacted by the issue of state distributional shift, and
out-of-distribution (OOD) state correction is a popular ap-
proach to address this problem. However, previous methods
correct the agent’s transition distributions in a supervised way,
which significantly degrades the flexibility and robustness. In
this paper, we propose a novel method named Density-Aware
Safety Perception (DASP) for OOD state correction. Specif-
ically, our method encourages the agent to prioritize actions
that lead to outcomes with higher data density, thereby promot-
ing its operation within or the return to in-distribution (safe)
regions. To achieve this, we optimize the objective within a
variational framework that concurrently considers both the
potential outcomes of decision-making and their density, thus
providing crucial contextual information for safe decision-
making. Finally, we validate the effectiveness and feasibility
of our proposed method through extensive experimental evalu-
ations on the offline MuJoCo and AntMaze suites.

Introduction
Deep reinforcement learning (RL) has achieved significant
success in various domains, including robotics tasks (Mnih
et al. 2015; Peng et al. 2017), game playing (Silver et al.
2017), and large language models (Achiam et al. 2023). How-
ever, its broader application is constrained by the challenges
of interacting with real-world environments, which can be
costly or risky (Garcıa and Fernández 2015). Offline rein-
forcement learning addresses these challenges by enabling
agents to learn from previously corrected datasets (Zhang
and Tan 2024), thereby avoiding high-risk interactions.

Despite this, deploying an online RL framework in an
offline setting can significantly hinder the performance of
the learned policy. This issue arises from the well-known
distributional shift problem (Fujimoto, Meger, and Precup
2019; Kumar et al. 2020), where the TD target may be over-
estimated for actions with low data density, also known as
out-of-distribution (OOD) actions, during training, resulting
in extrapolation errors (Jin, Yang, and Wang 2021) that de-
grade the agent’s performance. Previous works, such as Con-
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Figure 1: The basic idea behind the proposed DASP-based
OOD state correction - guiding the agent from OOD (low-
density) to the high density regions according to the dataset.

servative Q-Learning (CQL)(Kumar et al. 2020), Bootstrap-
ping Error Accumulation Reduction (BEAR)(Wu, Tucker,
and Nachum 2019), and Supported Policy Optimization
(SPOT)(Wu et al. 2022), have addressed this problem by sup-
pressing OOD actions through specific regularization tech-
niques. However, these methods primarily focus on avoiding
OOD actions while neglecting the issue of state distributional
shift (Jiang, Yao, and Tan 2023; Zhang et al. 2022), which
occurs when encountering OOD or low-density states during
test, leading to cumulative errors and task failure, i.e., the
phenomenon of State deviation.

By OOD states, we mean these states that experience low
visitation frequency by the behavior policy. In other words,
OOD states exhibit lower density compared to in-distribution
states based on the offline dataset. From this perspective, as
is shown in Figure 1, OOD state correction can be viewed
as a process that guides the agent to transition from low-
density states to high-density states, ensuring that decision-
making is supported by sufficient data and thereby maintain-
ing safety. Such guidance via density, comparing to previ-
ous supervision-style constraints, is more flexible and robust
in penalizing the OOD state visitation, because the agent
need not recover to specific states but to higher density re-
gions (Kang et al. 2022), which to the best of our knowledge,
has yet to be applied to OOD state correction in offline RL.

In this paper, we introduce a novel method called Density-
Aware Safety Perception (DASP) to realize OOD state correc-
tion, hence dealing with the problem of state distributional
shift. The basic idea is to guide OOD state correction with an
additional reward mechanism based on density optimization.
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For this purpose, inspired by the likelihood improvement
mechanism commonly used in the deep generative model
(e.g., diffusion model (Janner et al. 2022)), we propose a
novel offline RL objective that encourages the new policy
to prefer to choose those actions that lead to higher data
density, besides obtaining higher return. Specifically, we op-
timize the objective within a variational framework, where
DASP predicts the density based on the joint features of the
inputted state-action pairs and their potential outcomes. This
allows DASP to directly predict one-step forward features
and estimate their density to assess the contextual safety of
current decision-making, thereby guiding OOD state cor-
rection during policy optimization. In practical implemen-
tation, our method utilizes a modular algorithmic design,
requiring only minor modifications to standard off-policy
algorithms to be effective. Our experiments show that the
proposed method outperforms several closely related state-
of-the-art (SOTA) methods in offline MuJoCo control and
AntMaze suites across various settings.

To sum up, the core contributions of DASP are:

• A Novel Paradigm for OOD State Correction: We intro-
duce DASP, a novel framework that reframes the problem
of OOD state correction via density-scored guidance.

• A Unified and Efficient Variational Framework: We
design a compact variational model capable of simul-
taneously performing forward dynamics prediction and
estimating the density of the resulting state.

• Superior Performance Validated by Extensive Ex-
periments: The effectiveness of DASP is demonstrated
through experiments on different offline RL benchmarks.

Related Works
Policy Constraint Methods. Early offline RL methods like
CQL (Kumar et al. 2020), BEAR (Wu, Tucker, and Nachum
2019), Supported Policy Optimization (SPOT) (Wu et al.
2022) and Explicit Behavior density (CPED) (Zhang et al.
2023) focus on OOD action suppression. They regularize the
policy to prevent it from selecting actions not well-supported
by the dataset. While effective at preventing initial devia-
tion, these methods provide little recourse once the agent
has already entered an OOD state, a common occurrence in
stochastic environments.

OOD state correction. More recent work directly ad-
dresses OOD state correction, the central problem of this
paper. The goal is to guide the agent from low-density (OOD)
states back to high-density (in-distribution) regions. Existing
methods like SDC (Zhang et al. 2022) achieve this by enforc-
ing a strict alignment between the next-state distributions of
the learned and behavior policies. Others, such as OSR (Jiang,
Yao, and Tan 2023) and SCAS (Mao et al. 2024), rely on sep-
arately trained dynamics models to predict and select safe
transitions. These approaches have key limitations: Overly
Restrictive Alignment: Strict distributional matching (as in
SDC) can unnecessarily constrain the policy, hindering its
ability to discover better-yet-safe trajectories. Dependence
on Dynamics Models: The performance of methods like

OSR and SCAS is highly sensitive to the accuracy of the dy-
namics model, which is difficult to learn reliably from offline
data and prone to compounding errors.

Preliminaries
Reinforcement learning is commonly framed as a
Markov Decision Process (MDP), denoted by the tuple
(S,A, P,R, γ, ρ0). In this representation, S signifies the state
space, A indicates the action space, P is the transition prob-
ability matrix, R represents the reward function, γ is the
discount factor, and ρ0 is the initial state distribution. A pol-
icy π : S → A is established to make decisions during
interactions with the environment.

Typically, the Q-value function is expressed asQπ(s, a) =
(1 − γ)E[

∑∞
t=0 γ

tR(st, π(at|st))|s, a], which conveys the
anticipated cumulative rewards. For ease of reference, the
γ-discounted future state distribution (or stationary state dis-
tribution) is expressed as dπ(s) = (1− γ)

∑∞
t=0 γ

tPr(st =
s;π, ρ0), with ρ0 representing the initial state distribution
and (1− γ) acting as the normalization factor.

In an offline context, Q-Learning (Watkins and Dayan
1992) derives a Q-value function Q̂(s, a) and a policy
π from a dataset D that is gathered via a behavior pol-
icy πβ . This dataset comprises quadruples (s, a, r, s′) ∼
dπβ (s)πβ(a|s)P (r|s, a)P (s′|s, a). The goal is to minimize
the Bellman error across the offline dataset (Watkins and
Dayan 1992), employing exact or approximate maximiza-
tion techniques, such as CEM (Kalashnikov et al. 2018), to
retrieve the greedy policy as follows:

min
Q

E(s,a,r,s′)∼D[r + γEπ(a′|s′)Q(s′, a′)−Q(s, a)]2 (1)

max
π

Es∼DEa∼π(·|s)[Q(s, a)]. (2)

OOD State Correction. OOD state correction, also known
as State recovery, based offline RL methods, such as
SDC (Zhang et al. 2022), OSR (Jiang, Yao, and Tan 2023)
and SCAS (Mao et al. 2024), have demonstrate their advan-
tage in developing reliable and robust agents. The basic idea
of such methods is to train a policy choosing actions whose
state visitation frequency is as closer to that of the behavior
policy as possible. It could be represented as follows,

min
π

Es∼DDis
(
P (·|s, πβ(·|s)), P (·|s, π(·|s))

)
(3)

where P is the dynamics model, and Dis is some kind of
distance measure, which is Maximum Mean Discrepancy
(MMD) in (Zhang et al. 2022) while Kullback-Leibler (KL)
Divergence in (Jiang, Yao, and Tan 2023; Mao et al. 2024).

The Method
In this section, we provide a detailed description of the pro-
posed density-aware safety perception framework, termed
DASP, to address the issue of state distributional shift in
offline reinforcement learning.

The Motivation
Out-of-distribution (OOD) states are defined as those with
low density in the dataset, so the aim of OOD state correction
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is to guide the agent back to high-density regions, thereby
ensuring that decision-making is supported by sufficient data.
Intuitively, when aiming to identify the high - density regions
of offline data, the approach is to leverage the st distribution
information inherent in the dataset. Specifically, techniques
such as the diffusion model (Janner et al. 2022) or score
matching (Hyvärinen and Dayan 2005) can be employed to
determine the direction in which the st likelihood experiences
an increase, e.g., using a neural network to predict the vector
of the score function for a given query state. Subsequently,
during deployment, preference is given to the directions that
exhibit a high degree of consistency with the likelihood -
increasing direction estimated by the score function network.
In essence, the action chosen by the agent is a weighted
synthesis of two key elements: 1) actions associated with
a relatively large reward; 2) actions whose resulting effects
align with the direction of the score function.

Nevertheless, a notable limitation of the aforementioned
straightforward solution lies in its ignorance of the knowledge
context of offline reinforcement learning, failing to account
for the impact of factors such as the behavior policy and the
environment model during the modeling procedure. In light
of this, this paper puts forward a more integrated objective
function (Eq.(4)), as presented in the next section.

Density-Aware Safety Perception
Given a state s, we first formulate the objective for OOD
state correction as follows:

max
π

Ea∼π(·|s),s′∼P (·|s,a) log d
πβ (s′) (4)

where P (·|s, a) represents the dynamics of the environment,
and dπβ is the stationary state distribution of the behavior
policy πβ . The objective in Eq. (4) is referred to as Density-
Aware Safety Perception (DASP), which evaluates the safety
of the input state-action pairs based on the data density of
their consequences. We then utilize DASP as a regularization
term in policy optimization to prioritize actions that lead the
agent toward regions of higher density, thus satisfying safety
requirements.

In OOD state correction objective in Eq.(4), the P (·|s, a)
and dπβ are two complicated distributions that are hard to
estimate explicitly. Therefore, we implicitly estimate them
or their lower bound with the framework of variational infer-
ence. First, we approximate the dπβ via maximum likelihood
estimation, i.e.,

dπβ ≈ argmax
d

E(s,a,s′)∼D log d(s′) (5)

= argmax
d

E(s,a)∼D,s′∼P (s′|s,a) log d(s
′) (6)

Then we remark that the estimation of one-step forward
density, i.e., Es′∼P (s′|s,a) log d(s

′), is the core to realize the
OOD state correction. Then Theorem 1 gives the solution by
estimating the lower bound of the term Es′∼P (s′|s,a) log d(s

′)
by introducing two variational distributions.

Theorem 1. The term Es′∼P (s′|s,a) log d(s
′) could be lower

bounded by solving the following optimization problem in the

offline setting,

max
q1,q2

E(s,a,s′)∼D

[ ∫
dz · q1(z|s′) logP (s′|z)

−KL(q2(z|s, a)∥P (z))−KL(q1(z|s′)∥q2(z|s, a))
]

(7)

where q1(z|s′) and q2(z|s, a) are two variational distribu-
tions. KL(·∥·) is the KL-divergence between two distribu-
tions. P (s′|z) is the poster distribution.

The proof is found in Appendix. In Eq.(7) the first term
represents the reconstruction loss of the consequence s′; the
second term measures the divergence between the encod-
ing distribution q2(z|s, a) and the prior distribution P (z),
which should be minimized; the third term enables the en-
coder q2 to directly predict the consequential feature distri-
bution q1(z|s′). This embeds the contextual information into
the feature, thereby enabling the decoder to reconstructing
the outcome states from either themselves or their previous
state-action pairs. The most advantage of this solution is that
we can reuse the models to approximate both the dynamics
model P (s′|s, a) and the density model dπβ (s): by the com-
bination of the encoder q2(z|s, a) and the poster distribution
(decoder) P (s′|z), we can predict the consequence of the in-
putted (s, a); on the other hand, after we have the estimated
consequence, we can calculate its density by the variational
result in Eq.(7). The detailed utilization would be discussed
in the next section.

Finally, with the objective in Eq.(7), we can learn the two
variational distribution estimators q1 and q2, through which
the one-step forward density Es′∼P (·|s,a)d

πβ (s′) could be
variationally estimated. Then, in the next section, we intro-
duce how to utilize this module, also named as DASP, to
conduct OOD state correction in an offline manner.

DASP-based OOD State Correction
First of all, in order to generate OOD states for training, like
previous works (Jiang, Yao, and Tan 2023; Zhang et al. 2022;
Mao et al. 2024), we attach Gaussian noise N (0, σ2) onto
the states s from the dataset D, denoted as ŝ. For OOD state
correction in this paper, once the agent entering those OOD
states ŝ, we aim to correct it to restore to safe states with high
data density according to the offline dataset. Note that this
objective can be reformulated as follows,

max
π

Es∼D,ŝ∼Bσ(s)Ea∼π(·|ŝ),ŝ′∼P (·|ŝ,a) log d
πβ (ŝ′) (8)

where the Bσ(s) is a Gaussian perturbation ball with center
s and radius σ. The objective in Eq.(8) utilizes a one-step
forward density module to attach the preference of the actions
that could lead to consequences with high data density onto
the new policy, hence satisfying the safety requirements for
offline RL. Then the practical implementation based on the
variational results are as follows,

Parametrization and construction of dynamics model.
Before we handle the policy optimization regularization in
Eq.(8), we need to parameterize the three distribution in
Eq.(7) : the poster distribution P (s′|z) is parameterized with
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Figure 2: The framework of the proposed DASP and its uti-
lization for OOD state correction. In the top figure: the recon-
struction loss, prior loss and divergence minimization are the
3 terms in Eq.(10) respectively. The procedure in the buttom
figure represents the policy optimization in Eq.(12) .

Pϕ(s
′|z), which could also be seen as the decoder module;

the two variational distribution q1(z|s′) and q2(z|s, a) are
parameterized with qψ(z|s′) and qθ(z|s, a) (corresponding
to two encoders respectively in Figure 2(top)) . In this way,
we reformulate the optimization problem by,

θ∗, ψ∗, ϕ∗ = arg max
θ,ψ,ϕ

ED

[ ∫
qψ(z|s′) logPϕ(s′|z)dz

−KL(qθ(z|s, a)∥P (z))−KL(qψ(z|s′)∥qθ(z|s, a))
]

(9)

Then the above optimization could be further solved by meth-
ods like in (Doersch 2016; Burda, Grosse, and Salakhut-
dinov 2015). Specially, all the parameterized distributions
are assumes as Gaussian - qθ(z|s, a) = N (µθ, σθ; s, a),
qψ(z|s′) = N (µψ, σψ; s

′) and Pϕ(s′|z) = N (µϕ, σϕ; s
′).

Suppose the prior distribution P (z) = N (0, I), then the
above formulation in Eq.(9) could be transferred into the loss
function as,

Ldasp(s, a, s′; θ, ψ, ϕ) = Ez∼qθ(z|s,a)∥µϕ(z)− s′∥22

−1

2

[ K∑
i

(1 + log(σ2
θ,i)− µ2

θ,i − σ2
θ,i)

]
−1

2

[ K∑
i=1

(1 + log
σ2
ψ,i

σ2
θ,i

−
σ2
ψ,i + (µψ,i − µθ,i)

2

σ2
θ,i

)
]

(10)

where i represents the value of ith dimension of the K-
dimensional variable.

The forward dynamics model P (s′|s, a) could be esti-
mated by the combination of Pϕ∗(s′|z) and qθ∗(z|s, a). Here
the qθ∗(z|s, a) could be seen as an approximation of qψ(z|s′)
due to the minimization of the divergence between the rep-
resentations generated by these two encoders, hence the
combined module could predict the s′ ∼ P (s′|s, a) from
z ∼ qθ∗(z|s, a) with low bias. Then the approximated dy-
namical model is denoted as P̂ (s′|s, a).
DASP-based actor regularization. We construct the es-
timation term for the objective in Eq.(8) based on the vari-

ational results and the parameterization. To be specific, the
OOD state correction term could be approximated by,

R(ŝ, a) = Eŝ′∼P̂ (·|ŝ,a)fτ (Ldasp(ŝ, a, ŝ
′; θ∗, ψ∗, ϕ∗)) (11)

where (θ∗, ψ∗, ϕ∗) is the solution by minimizing the DASP
loss Ldasp over the dataset D and fτ is a clip function with
threshold τ . The use of the clipping function fτ is motivated
by our objective, which is not to maximize likelihood but
to regularize the agent’s visitation to ensure sufficient den-
sity, specifically above a specified threshold τ . Please note
that, instead of pretraining the dynamics model separately,
the P̂ (s′|s, a) is constructed by the modules in Ldasp, hence
formulating the indicator R(ŝ, a) a more compact implemen-
tation compared with other methods (Zhang et al. 2022; Jiang,
Yao, and Tan 2023; Mao et al. 2024). The actor loss is,

max
π

Es∼D

[
Eπ(a|s)[Q(s, a)] + α · Eŝ∼Bϵ(s),π(a|ŝ)R(ŝ, a)

]
(12)

where α is the balance coefficient of the DASP term. Besides,
we also utilize a momentum-based optimizer, e.g. Adam, in
implementation to avoid the problem of local optimum.
Remark 1. A lower Ldasp value indicates a better density
model, which in turn provides a more accurate R(ŝ, a) score.
Therefore, maximizing R(ŝ, a) aligns with our intuition: it
encourages the policy π to select actions a with higher next
step data density (obtained implicitly via the trained encoder
and decoder in Eq.(10)).

Overall Algorithm. Figure 2 gives the network architec-
ture of the proposed DASP approach, while the whole train-
ing algorithm is shown in Algorithm 1.

Algorithm 1: DASP-based offline RL framework
Input: offline dataset D, maximal update iterations T ,
Parameter: policy network π, Q-networks Q1, Q2, DASP
module R,
Output: learnt policy network π

1: Initialize the policy network, Q-networks and the DASP
module.

2: Pretrain the DASP module R according to Eq.(10).
3: Let t = 0.
4: while t < T do
5: Sample mini-batch of N samples (s, a, r, s′) from D.
6: Perturb s with Gaussian Noise and get ŝ.
7: Feed ŝ into the policy network, get the action a and

calculate the DASP score R(ŝ, a).
8: Update the Q-networks according to Eq.(1),
9: Update the policy network π according to Eq.(12).

10: end while
11: return learnt policy network π.

Experiments
In experiments we answer the following three key questions:
1) Does DASP achieve the state-of-the-art performance on

standard MuJoCo benchmarks compared to the latest
closely related methods?
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CQL PBRL SPOT SVR EDAC RORL SDC OSR-10 SCAS DASP(Ours)

ha
lf

ch
ee

ta
h r 17.5 11.0 35.3 27.2 28.4 28.5 36.2 26.7 12.2 32.4±0.9

m 47.0 57.9 58.4 60.5 65.9 66.8 47.1 67.1 46.6 70.4±2.9
m-e 75.6 92.3 86.9 94.2 106.3 107.8 101.3 108.7 91.7 112.1±2.0
m-r 45.5 45.1 52.2 52.5 61.3 61.9 47.3 64.7 44.0 67.1±3.9
e 96.3 92.4 97.6 96.1 106.8 105.2 106.6 106.3 106.6 107.4±1.8

ho
pp

er

r 7.9 26.8 33.0 31.0 25.3 31.4 10.6 30.4 31.4 33.1±0.3
m 53.0 75.3 86.0 103.5 101.6 104.8 91.3 105.5 102.5 108.6±0.9
m-e 105.6 110.8 99.3 111.2 110.7 112.7 112.9 113.2 109.7 116.0±6.3
m-r 88.7 100.6 100.2 103.7 101.0 102.8 48.2 103.1 101.6 104.1±1.1
e 96.5 110.5 112.3 111.1 110.1 112.8 112.6 113.6 112.8 113.5±1.0

w
al

ke
r2

d

r 5.1 8.1 21.6 2.2 16.6 21.4 14.3 19.7 1.4 23.9±0.8
m 73.3 89.6 86.4 92.4 92.5 102.4 81.1 102.0 82.3 108.6±2.7
m-e 107.9 110.8 112.0 109.3 114.7 121.2 105.3 123.4 108.4 123.0±2.6
m-r 81.8 77.7 91.6 95.6 87.1 90.4 30.3 93.8 78.1 99.5±1.7
e 108.5 108.3 109.7 110.0 115.1 115.4 108.3 115.3 115.0 115.3±1.6

average 67.4 74.4 78.8 80.0 82.9 85.7 70.2 86.2 76.3 89.0

an
tm

az
e

umaze 82.6 - 93.5 - - 96.7 81.4 89.9 90.4 94.6±3.2
umaze-div 10.2 - 40.7 - - 90.7 49.6 74.0 63.8 65.5±6.1
med-play 59.0 - 74.7 - - 76.3 55.0 66.0 76.6 79.0±4.6
med-div 46.6 - 79.1 - - 69.3 56.6 80.0 80.4 79.6±4.9
large-play 16.4 - 35.3 - - 16.3 20.8 37.9 49.0 49.3±8.5
large-div 3.2 - 36.3 - - 41.0 25.8 37.9 50.6 43.4±9.3

average 36.3 - 59.9 - - 65.1 48.2 64.3 68.5 68.6

Table 1: Results of DASP(ours), CQL, PBRL, SPOT, SVR, EDAC, RORL, SDC , OSR-10 and SCAS on D4RL averaged over 4
seeds. We bold the highest scores in each task.

Figure 3: The results on the MuJoCo benchmarks with different levels of sub-optimal data.

2) Is DASP able to recover from out-of-distribution (OOD)
states successfully?

3) Is DASP term robust enough to deal with unfavorable con-
ditions, such as sub-optimal demonstrations or inefficient
samples, in practical deployments?

Our experimental section is organized as follows: First,
by fairly comparing the performance of learning policies us-
ing traditional methods on standard MuJoCo benchmarks,
we verify that the proposed method DASP achieves superior
performance among these methods, answering Question 1.
Then, to answer Question 2, we verify the ability of DASP to
recover from OOD states using the Out-of-sample MuJoCo
(OOSMuJoCo) benchmarks, as described in (Jiang, Yao, and
Tan 2023). Finally, to answer Question 3, we evaluate DASP
on benchmarks under the settings of sub-optimal data and in-
efficient data (Zhang et al. 2022). Additionally, we conducted
an ablation study and designed an experiment to analysis the
validity of the DASP regular term. A brief introduction of

our code is available in Appendix.

Comparisons on Standard Benchmarks
In this section, we compare the two proposed implemen-
tations of our method with several significant methods, in-
cluding CQL (Kumar et al. 2020), PBRL (Bai et al. 2022),
SPOT (Wu et al. 2022), SVR (Mao et al. 2023), EDAC (An
et al. 2021), RORL (Yang et al. 2022), SDC (Zhang et al.
2022), OSR-10 (Jiang, Yao, and Tan 2023) and SCAS (Mao
et al. 2024), based on the D4RL (Fu et al. 2020) dataset in
the standard MuJoCo benchmarks and AntMaze tasks.

MuJoCo (D4RL). The MuJoCo domain have three types
of high-dimensional control environments representing differ-
ent robots in D4RL: Hopper, Halfcheetah and Walker2d, and
five kinds of datasets: ’random’, ’medium’, ’medium-replay’,
’medium-expert’ and ’expert’. The AntMaze domain is a
more challenging navigation domain with sparse rewards and
multitask data, which contains three types of datasets, namely
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RORL SDC OSR-10 DASP
Task name score dec.(%) score dec.(%) score dec.(%) score dec.(%)

Halfcheetah-OOS-slight 55.3 17.2 45.1 4.3 59.4 11.5 58.5±1.2 14.8
Halfcheetah-OOS-moderate 47.6 28.7 39.8 15.5 56.5 15.8 56.9±2.2 17.2
Halfcheetah-OOS-large 35.4 47.0 34.0 27.8 50.8 24.3 54.6±4.2 20.5
Hopper-OOS-slight 100.4 4.2 85.7 6.1 100.8 4.5 101.9±0.2 4.1
Hopper-OOS-moderate 94.4 9.9 82.9 9.2 98.3 6.8 98.5±0.5 7.3
Hopper-OOS-large 82.1 21.7 75.5 17.3 94.7 10.2 89.5±2.4 15.8
Walker2d-OOS-slight 92.9 9.3 71.0 12.5 92.4 9.4 93.3±0.7 10.4
Walker2d-OOS-moderate 86.5 15.5 69.5 14.3 90.3 11.5 91.4±1.1 12.2
Walker2d-OOS-large 71.8 29.9 65.3 19.5 88.6 13.1 89.1±4.6 14.4

Table 2: Results of RORL, SDC, OSR-10 and DASP in OOSMuJoCo setting on the normalized return and decrease metric
averaged over 4 seeds. The noteworthy results are bolded.

‘umaze’, ‘medium’, and ‘large’.
The results is shown in Table 1, where part of the results

for the comparative methods are obtained by (Yang et al.
2022; Jiang, Yao, and Tan 2023; Mao et al. 2024). On the
MuJoCo tasks, we have observed that the performance of all
methods experiences a significant decrease when learning
from datasets such as ’random’, ’medium’, ’medium-replay’,
and ’medium-expert’, which are collected by sub-optimal
behavior policies. This highlights the inherent difficulty in
getting rid of the influence on the sub-optimal behavior strat-
egy in practical settings. However, our proposed methods,
DASP, consistently outperform other approaches across most
benchmarks, particularly surpassing methods that rely on be-
havior cloning such as CQL, PBRL, and EDAC. Furthermore,
DASP achieve state-of-the-art performance in terms of the
average score. Additionally, we would like to emphasize that
DASP demonstrates significant improvements over the state-
of-the-art conservative methods (e.g., SVR and OSR) on the
’medium’ and ’medium-replay’ datasets. This notable mar-
gin can be attributed to DASP’s ability to avoid aligning the
transition of the dataset through its flexibility in correcting
the consequences. This further underscores the advantages of
DASP in effectively handling sub-optimal offline data. In the
following section, we will explore DASP’s ability to recover
from OOD states. On the AntMaze tasks, DASP outperforms
all the methods in total score, and is very close to SOTA
method in each item.

Evaluation on Out-of-sample MuJoCo Setting
To investigate the agent’s behavior in unseen (OOD) states
and assess whether the proposed DASP enables recovery
from out-of-sample situations, we introduce the OOSMu-
JoCo benchmarks from (Jiang, Yao, and Tan 2023) and im-
plement other related methods: RORL, SDC, and OSR-10 on
‘medium’ datasets. OOSMuJoCo simulates external forces
to push the agent into out-of-sample states in Halfcheetah,
Walker2d, and Hopper, with three levels of force: slight, mod-
erate, and large.

Table 2 presents the scores and performance decreases of
these policies across the 9 OOSMuJoCo benchmarks. The
performance decrease is calculated as the percentage reduc-
tion in scores from OOSMuJoCo compared to the standard
MuJoCo environments shown in Table 1. The results indicate

that the proposed DASP outperforms other methods in scores,
particularly in the ‘Halfcheetah’ and ‘Walker2d’ benchmarks
with larger perturbations, likely due to these benchmarks’
higher sensitivity to OOD situations. Additionally, we note
that DASP and OSR-10 exhibit comparable performance de-
creases across the environments, suggesting that methods
incorporating the DASP constraint are at least as robust as
OSR-10 and RORL in handling OOD situations. Next, we
explore DASP’s capabilities in sub-optimal demonstrations.

Evaluation on Sub-Optimal Datasets
In this section, we further investigate the feasibility of the
proposed DASP on different levels of sub-optimal offline
datasets, where ‘expert’ and ‘random’ datasets are mixed in
various ratios. This setting is widely used, as seen in (Zhang
et al. 2022; Mao et al. 2023; Jiang, Yao, and Tan 2023). In
this paper, the proportions of ‘random’ data are 0.5, 0.6, 0.7,
0.8, and 0.9 for ‘Halfcheetah’, ‘Hopper’, and ‘Walker2d’.

We compare the proposed DASP with SVR (Mao et al.
2023), OSR (Jiang, Yao, and Tan 2023), and SDC (Zhang
et al. 2022). As shown in Figure 3, our method outperforms
the other three methods across the three control environments
in terms of normalized scores. We observed that our proposed
method exhibits a significantly lower decrease rate over the
‘Halfcheetah’ benchmark compared to the other two methods
as the random ratio increases, which can be attributed to the
agent’s heightened sensitivity to the quality of data collec-
tion in this environment. Furthermore, when testing on the
‘Hopper’ and ‘Walker2d’ benchmarks, we note that DASP
demonstrates the least decrease in performance among all
methods when the random ratio reaches 0.9. This highlights
the advantage of the implicit implementation in addressing
more complex tasks and learning from lower-quality data in
practical scenarios. Therefore, we emphasize that our method
is better equipped for learning with sub-optimal data and
exhibits improved stability and performance across various
benchmarks.

Evaluation on Data Inefficient Benchmarks
Sub-optimal data can be considered as a form of noisy-
labeled data, where certain states ‘s’ are associated with
sub-optimal (incorrect) labels, denoted as action ‘a’. Previ-
ous studies (Wang and Tan 2014; Bootkrajang and Kabán
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Figure 4: The results on three MuJoCo benchmarks with different size of ’medium’ datasets.

2012) have shown that learning performance is significantly
influenced by the size of the training data. This motivated
us to investigate the performance of different methods under
varying sizes of sub-optimal data.

In this section, as depicted in Figure 4, we compare our
proposed DASP method with typical offline RL approaches,
namely SPOT and OSR-10, using different sizes of train-
ing data (0.2, 0.4, 0.6, 0.8 million). We select the ‘medium’
datasets as the sub-optimal training data. Our observations
reveal that the DASP method consistently outperforms the
other two methods across all data sizes. Notably, both DASP
and OSR-10 exhibit superior performance compared to SPOT
by a significant margin. Furthermore, the advantage of DASP
over OSR-10 becomes more pronounced as the data size in-
creases. These findings demonstrate that the challenges of
dealing with OOD states in offline RL would diminish with
massive data sizes. However, when the data is insufficient,
OOD state correction methods ,including our proposed DASP,
exhibit better generalization capabilities.

Validity Analysis of DASP Regularization
In this section, we perform a experiments within the Mu-
JoCo environment to Analysis the validity of key compo-
nents in Eq. 12. We first generated two sets of actions for
a given set of states from dataset: one set with safe out-
comes, generated by a well trained policy in the medium-
expert dataset; the other set with unsafe outcomes, composed
of a series of random actions. We then utilized either the
true dynamics model (TDM) or our DASP model to predict
the next states of these actions and assess their safety as
score = Es∼D,a∼π(·|s) exp(R(s, a)).

Halfcheetah Hopper Walker2d

TDM w. safe action 0.61 0.44 0.42
TDM w. unsafe action 0.37 0.21 0.30

DASP w. safe action 0.64 0.47 0.44
DASP w. unsafe action 0.38 0.19 0.27

Table 3: Validation study of DASP term.

Table 3 shows the results. Comparing the results of the first
and second rows, we observe that our safety score is sensitive
to whether the consequences of actions are in-distribution
(ID) or OOD, which supports the validity of this measure-

ment. Analyzing the results from the third and fourth rows,
we observe a notable score disparity in the density indicator
between the two types of actions when utilizing the DASP
model. This difference is similar to what we see in the first
and second rows. It indicates that the DASP model performs
well enough to differentiate between safe and unsafe actions.

Ablation study
The DASP weight α is the hyperparameter that control the
magnitude of how the DASP term influence the training. Its
influence to DASP is as shown in Table 4, where three agents
are all trained on the ’meidum’ datasets. From the results,
we note that the best choice for α in this implementation is
around 0.1 for the ”halfcheetah” and ”hopper” tasks, while
for the ”walker2d” task, the optimal α is 0.05. We utilized
these parameters in our experiments to achieve the best per-
formance across the different tasks.

α Ha.-m Ho.-m Wa.-m

0.01 66.0 104.8 101.6
0.05 67.8 105.1 108.6
0.1 70.4 108.6 100.0
0.5 66.8 105.1 104.7
3 65.0 104.3 102.5
10 64.8 103.2 97.6
100 51.6 100.8 85.6

Table 4: The ablation study results of α. We bold the highest
scores in each task.

The results suggest that while moderate values of α en-
hance performance by balancing conservatism and general-
ization, excessive values lead to instability.

Conclusion
In this paper, we propose a novel method called Density-
Aware Safety Perception (DASP) to perform OOD state cor-
rection for a more robust and reliable offline reinforcement
learning. To be specific, DASP is designed under a varia-
tional framework to achieve a more source-efficiency struc-
ture, which formulates the one-step forward dynamics model
and the density model in a compact manner. Empirical results
show that the proposed DASP outperforms most SOTA meth-
ods in offline RL, hence demonstrating the advantages of our
method, which only uses an indicator instead of estimating
specific distributions for OOD state correction.
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