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Abstract

Offline safe reinforcement learning (RL) aims to train a policy that satisfies con-
straints using a pre-collected dataset. Most current methods struggle with the
mismatch between imperfect demonstrations and the desired safe and rewarding
performance. In this paper, we mitigate this issue from a data-centric perspective
and introduce OASIS (cOnditionAl diStributlon Shaping), a new paradigm in
offline safe RL designed to overcome these critical limitations. OASIS utilizes a
conditional diffusion model to synthesize offline datasets, thus shaping the data dis-
tribution toward a beneficial target domain. Our approach makes compliance with
safety constraints through effective data utilization and regularization techniques to
benefit offline safe RL training. Comprehensive evaluations on public benchmarks
and varying datasets showcase OASIS’s superiority in benefiting offline safe RL
agents to achieve high-reward behavior while satisfying the safety constraints, out-
performing established baselines. Furthermore, OASIS exhibits high data efficiency
and robustness, making it suitable for real-world applications, particularly in tasks
where safety is imperative and high-quality demonstrations are scarce. More details
are available at the website https://sites.google.com/view/saferl-oasis/home.

1 Introduction

Offline Reinforcement Learning (RL), which aims to learn high-reward behaviors from a pre-collected
dataset [} [2], has emerged as a powerful paradigm for handling sequential decision-making tasks
such as autonomous driving [13} 4, 15, 6], and robotics [7, 18 (9,10, 11]]. Although standard offline RL
has achieved remarkable success in some environments, many real-world tasks cannot be adequately
addressed by simply maximizing a scalar reward function due to the existence of various safety
constraints that limit feasible solutions. The requirement for safety, or constraint satisfaction, is
particularly crucial in RL algorithms when deployed in real-world tasks [12}13}14}[15,[16417,[18.[19].

To develop an optimal policy within a constrained manifold [20} [21]], offline safe RL has been actively
studied in recent years, offering novel ways to integrate safety requirements into offline RL [22].
Existing research in this area incorporates techniques from both offline RL and safe RL, including the
use of stationary distribution correction [23|[24], regularization [25][26]], and constrained optimization
formulations [27]. Researchers have also proposed the use of sequential modeling methods, such as
the decision transformer [28} [29] and the decision diffuser [30} 31]] to achieve advantageous policies
and meet safety requirements.

Although these methods show promise, it is difficult to handle state-action pairs that are absent from
the dataset, which is known notably as out-of-distribution (OOD) extrapolation issues [31} 132, 33|
34,135,136, 37]]. To solve this, many works utilize regularization methods to push the policy toward
behavior policy to achieve pessimism [35, 36]]. However, this approach worsens the situation when
the dataset is imbalanced and biased: regularization by imperfect demonstrations such as datasets
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composed predominantly of low-reward data or containing few safe trajectories collected using unsafe
behavior policies. This regularization also leads to another challenge: striking the optimal balance
between learning objectives such as task utility efficiency and safety requirements, leading to reward
degradation or aggressive behavior [28, 138, 139].

To address these challenges, we introduce a data- ‘l

centric learning paradigm in offline safe RL, OASIS | | - ‘
(cOnditionAl diStributlon Shaping), which focuses on 5| g * g j
improving the training dataset quality by steering the 2 [ & i

offline data distribution to a beneficial target domain e Tt

as shown in Fig.[I] OASIS distills knowledge from
the imperfect dataset, and generates rewarding and cost cost

safe data using a conditional diffusion model accord- Figure 1: An example of distribution shaping
ing to the safety preference to benefit offline safe RL in offline safe RL. We generate a low-cost
training. This data-centric approach is parallel to and and high-reward dataset from the original
compatible with general model-centric offline safe RL ~ dataset for subsequent RL training.
algorithms which emphasize improvements to the learning algorithm and model architecture. The
key contributions are summarized as follows.

1. Identification of the safe dataset mismatch (SDM) problem in offline safe RL. We identify the
mismatch between the behavior policy and the target policy and investigate the underlying reasons
for performance degradation with this condition.

2. Introduction of the OASIS method to address the SDM problem. To the best of our knowledge,
this is the first successful application of a distribution shaping paradigm within offline safe RL. Our
theoretical analysis further provides insights on performance improvement and safety guarantees.

3. A comprehensive evaluation of our method across various offline safe RL tasks. The
experiment results demonstrate that OASIS outperforms baseline methods in terms of both safety and
task efficiency for varying tasks and datasets.

2 Related Work

Offline RL. Offline RL addresses the limitations of traditional RL, which requires interaction with the
environment. The key literature on offline RL includes BCQ [35]], which mitigates the extrapolation
error using a generative model, and CQL [40], which penalizes the overestimation of Q-values for
unseen actions. BEAR [41] further addresses the extrapolation error by constraining the learned policy
to stay close to the behavior policy. OptiDICE [24] directly estimates the stationary distribution
corrections of the optimal policy, and COptiDICE [23]] extends the method to the constrained
RL setting. Recent advances have increasingly focused on the use of data generation to improve
policy learning. S4RL [42] shows that surprisingly simple augmentations can dramatically improve
policy performance. [43] explores leveraging unlabeled data to improve policy robustness, while [44]
proposes survival instincts to enhance agent performance in challenging environments. Counterfactual
data augmentation is another promising direction in offline RL [45] 146, 47, 48], highlighting the
potential of data generation to significantly improve efficiency and effectiveness.

Safe RL. Safe RL is formulated as a constrained optimization to maximize reward performance while
satisfying the pre-defined safety constraints [20} 49, 150, 51} 152, 1531154, 55]]. Primal-dual framework
is one common approach to solve safe RL problem [56, |57, 58,159,160\ 161} 162} [63]. Another line of
work for safe RL is to extend to offline settings, which learn from a fixed dataset to achieve both high
reward and constraint satisfaction [64} 29]. Among them, [26] 65| 66} 67] tailor online prime-dual-
style algorithms to reduce the out-of-distribution issue in the offline setting. [28 |68] use decision
transformer [69] to avoid value estimation and exhibit consistent performances across various tasks.
In addition to these Model-centric approaches, Data-centric approaches, which emphasize improving
or optimizing the quality of the dataset used for model training [70} (71} 72, [73]], have gained more
attention in recent studies. While some previous work proposed methods for learning from safe
demonstration [28, [74] or relabeling data to achieve conservativeness [28]], how to systematically
curate datasets for offline safe learning remains a largely unexplored area.

Diffusion Models for RL. Diffusion models have recently gained attention in RL for their capabilities
in planning and data generation [75, 76| [77, [78]. Specifically, Diffuser [79] uses a diffusion process
to plan the entire trajectory in complex environments. [80]] extends this to the Decision Diffuser,



which conditions the diffusion process on specific goals and rewards to improve decision-making.
SafeDiffuser [81] and FISOR [31] enhance safety by ensuring the planned trajectories satisfying
constraints. Combined with the data augmentation capability of diffusion models, AdaptDiffuser [82]
achieves state-of-the-art results on offline RL benchmarks. [83]] proposes Synthetic Experience
Replay, leveraging diffusion models to create synthetic experiences for more efficient learning. [84]]
demonstrates that diffusion models are effective planners and data synthesizers for multi-task RL,
showcasing their versatility and efficiency. In this work, we investigate the power of diffusion models
for safe RL, where the balance between reward and cost presents further complexities.

3 Problem Formulation

3.1 Safe RL with Constrained Markov Decision Process

We formulate Safe RL problems under the Constrained Markov Decision Process (CMDP) frame-
work [85]]. A CMDP M is defined by the tuple (S; A;P;r;c; ; o), where S 2 R™ is the state space,
A 2 R" is the action space, P : S A S ¥ [0;1]is the transition function,r :S A S I R
is the reward function,c : S A S ¥ Ry is the cost function, is the discount factor, and
o :S ¥ [0;1] is the initial state distribution. Note that this work can also be applied to multiple-
constraint tasks, but we use a single-constraint setting for easy demonstration. A safe RL problem is
specified by a CMDP and a constraint threshold 2 [0;+1). Denote 2 :S A ¥ [0;1]as
the policy and = (Sy;a1; r1;C1); (S2; @2, I'2; C2); & 1 g as the trajgesory. The stationary state-action
distribution under the policy is defined as d (gsa) = (1 ) P Pr(st = s;ax = a). The
reward and cost returnsgare defined as R() = r,and C( ) = c. The value function is
Vi ( 0) =E « isom o oo fil; f 2 fr;cg, which is the expectation of discounted return under
the policy and the initial state distribution . The goal of safe RL is to find the optimal policy *
that maximizes the expectation of reward return while constraining the expectation of cost return to

the threshold
*zargmaxE . R()]; st E . C()] : 1)

3.2 Regularized offline safe RL

For an offline safe RL problem, the agent can only access a pre-collected dataset D = [;Dj, where
Di B iscollected by the behavior policy B2 B. To solve the problem in Eq. (1), we convert

1
the constraint optimization problem into an unconstrained form:

(" =argmaxmind(; ), J(; )= E~R()+ (E~R() ) (@

The primal-dual-based algorithm solves the optimal policy * and the dual variable * by updating
( ; ) iteratively [86, 23 [66]. In offline safe RL tasks, a regularization term is usually introduced to
prevent the action OOD issue [87], that is, the objective is converted to:

(% =argmaxminJo( ; ) Jo( 5 )=I(; )+wL(; B); 3)

where W > 0 is a constant weight, L( ; ) is a regularization term and B is the empirical behavior
policy and can be viewed as a mixture of f Bg. Practically, regularization is formulated as the MSE
regularization [88] or the evidence lower bound regularization [35, 41]. In offline safe RL, there
are two main challenges: (1) Distribution shift [25]. The agent has poor generalizability when
facing OOD state-action pairs during online evaluation; and (2) Efficiency-safety performance
balancing [28]. The agent tends to be over-conservative or aggressive when overestimating or
underestimating the safety requirements.

4 Method

In this section, we first identify the safe dataset mismatch (SDM) problem, which leads to performance
degradation when solving the regularized offline safe RL objective in Eq. (3). Then we present the
proposed OASIS (cOnditionAl diStributlon Shaping) method to solve this problem. In contrast to
the model-centric safe RL approaches that focus on optimizing policy update process and network
architecture, OASIS is a data-centric learning method that aims to improve the quality of the dataset,
thus benefiting offline safe RL training. The OASIS method utilizes the diffusion model to realize
conditional distribution shaping, solving the challenges mentioned above, thus benefiting offline safe
RL training. Following the proposed algorithm, we provide a theoretical guarantee of the safety
performance of the policy learned in this paradigm.



4.1 Safe Dataset Mismatch Problem

The regularized of ine safe RL objective in Eq. (3) pushes
policy to behavior policy to prevent action OOD is-
sues B6l. When given an imperfect dataset, the state-
action distribution deviates from the optimal distribution,
and the SDM problem arises: if the behavior policy is too
conservative with low costs and low rewards, it leads to
task ef ciency degradation; if the behavior policy is too
aggressive with high costs and high rewards, it leads to
safety violations. To further investigate the SDM problem
and the effect of dataset distribution on of ine safe RL,
we de ne thetempting datasetandconservative dataset
which are based on tempting and conservative policies:

De nition 1 (Tempting policy p1] and conservative pol-

icy). The tempting policy class is de ned as the set of

policies that have a higher reward return expectation thiaigure 2: D, is a conservative dataset,
the optimal policy, and the conservative policy class #&dD: is a tempting dataset. Each point
de ned as the set of policies that have lower reward afépresent¢C( );R( )) of a trajectory
cost return expectations than the optimal policy: in the dataset.

T=f :V,(o>V, (g %=f V., ()<V, (oiVe(0)<V. (0)g (4

Intuitively, a tempting policy is a more rewarding but less safe policy than the optimal one, and a
conservative policy is with lower cost but less rewarding. According to these policies, we de ne two
types of datasets:

De nition 2 (Tempting and conservative datasefpr an of ine dataseb;  ;,if ;2 B\ T,
then the dataset is tempting; if 2 B\ C, then the dataset is conservative.

Staying within the tempting dataset distribution results in tempting (unsafe) behavior, while staying
within the conservative dataset distribution causes reward degradation. A theoretical analysis of
performance degradation due to the SDM problem is presented in Sec. 4.4. Fig. 2 illustrates examples
of both conservative and tempting datasets.

It is important to note that tempting and conservative
datasets are prevalent in of ine safe RL since optimal
policies are rarely available for data collection. The
SDM problem is a distinct feature of of ine safe RL,
indicating that training the policy on either tempting
or conservative datasets will violate safety constraints
or result in sub-optimality, both of which are unde-
sirable. Therefore, addressing the SDM problem is
essential for the development of regularized of ine
safe RL algorithms.

4.2 Mitigating the Safe Dataset Mismatch

Inspired by recent research works data-centric

learning [70], which emphasizes the quality of data

used for training the agent, we focus on enhancing

the data pipeline to ensure the agent learns effectively

instead of modifying the RL algorithm or model aFFigure 3: (a) Reweighting in the dataset with
chitecture. We propose to use the distribution shapiagmprehensive coverage. (b) Reweighting in
of the dataset to mitigate the SDM problem, that i§je tempting dataset. (c) Performance evalua-
generating a new datasey, by reshaping the orig-tion with different weights and datasets.

inal data distribution. As shown in Fig. 1, the key

idea is to adjust the dataset distribution towards the optimal distribution undeeducing the
distribution discrepancy and mitigating the SDM problem, thus both mitigating the action OOD issue
and balancing ef ciency and safety in of ine safe RL.



Figure 4: OASIS: alata-centricapproach for of ine safe RL. Conditioned on the human preference,
OASIS rst curates an of ine dataset with a conditioned diffusion data generator and learned labeling
models, then trains safe RL agents with this generated dataset.

Among thedata-centricalgorithms, Dataset reweighting (weighted sampling) which assigns different
sampling weights to data points, is a straightforward way to shape the data distrita&i88][ In

the of ine RL domain, researchers proposed methods to assign high weights to data that achieve high
rewards and superior performance in many RL tasks [39, 89].

To validate this idea, we deploy a Boltzmann energy function considering both the reward and the
cost for the reweighing strategy to solve the problem (see Appendix B for details). The experimental
results, shown in Fig. 3, validate the effectiveness of this distribution shaping method when the
coverage of the dataset is complete.

However, for a more general case where we can only access the low-quality dataset (e.g., tempting
datasets in Fig. 3), simply performing data reweighting does not work well due to the absence of
necessary data. Thus, we propose to use a conditional generative model for more exible distribution
shaping, which generates new data by stitching sub-optimal trajectories for of ine training.

4.3 Constraint-Conditioned Diffusion Model as Data Generator

To overcome the limitation of reweighing methods, we propose using diffusion models to generate
the dataset that ts the target cost limit to achieve distribution shaping. In the following, we introduce
the details of the generator training and dataset generation phases.

Training. In previous works 82, 79, the trajectory planning in of ine RL can be viewed as the
sequential data generation: = [sg;S1;:::;SL 1]; where is a subsequence of trajectory with
lengthL. Denotexk( ) andy( ) as thek-step denoising output of the diffusion model and the
denoising conditions such as reward and cost returns, respectively. Then the forward diffusion process
is to add noise ta( ) and gradually convert it into Gaussian noise:

Ak Y ixk 1( D= N xe( it T exe a( )ikl k=1;m5K 5)

where | is a pre-de ned beta schedulk, is the total denoising timestep. Then the trainable
denoising step aims at gradually converting the Gaussian noise back to a valid trajectory:

P (Xk 1()ixk()y( )= N&Xe 1()] Xk )y )k «); (6)
where is the trainable parameter. We use a sri1mpli ed surrogate loss [90] for optimization:
i
L denoise ‘= Exo( ) q: N (0:1) K CHORIGHI S (1)

In this work, we use the classi er-free guidan@] for conditional data generation. The condition

y( )inEg. (6) and Eq. (7)issettp( ) =[ C( );R( )]. Thus, the denoising process depends on
the target reward and cost returns of the planned subtrajectory. During training time, the diffusion
model learns both an unconditional denoising coréxy( );?;k) and a conditional denoising
core (Xk( );y( );k). We adopt masking30] for the training to zero out the condition of one
training trajectory and categorize it as theclass with probabilityd < p < 1. Within the given

raw dataset, we also train an inverse dynamics mbde&8 S A, and reward and cost models
rs;a;90);6s;a;8):S A S R for labeling.



Generation. After obtaining a trained model, the next step is to generate a new dataset following the
conditions. For diffusion model inference, the denoising coiexx( );y;K) is calculated by:

xk( )y )hk = (x( )25+ w ( (Xk( )iye( )iK) (xk( );?:K); (8)

wherew > 0is a constant guidance scale and:= [ C; R] is the generation condition, we set

¢ to align safety preference. For guided generation, we x the initial state, which means that we
replace the initial state of eashstep noised trajectory as[0] = X o[0].

After generating one subtrajectory = Xg, we - - -
can get the state and action sequesice  g[: Algorithm 1: OASIS (dataset generation)
| Input: Raw datasebD, safety threshold

.0 — .1 — -0
1isg = E[l ]ag ._Of’.‘(sg,_sg), th?n _'a(?e Output: Generated sub-trajectory

the datarg = (Sg;ag;Sg); G = ™Sy;89;Sg)- 1. Sample a initial states D
Finally, we get a generated datas®f = e : ;

aty, 0. 9 _gene asby - 2: Get initial noisy sub-trajectory:
fsq;ag;Sg;Tgi Ggg With j gj 1 transition pairs. Xe = [S:s0m s, alisi N (0:1)
Wl;h g]ll_s newtdataset, we can further train of ine 5. Hotarmine the conditiogic:
safe RL agents. 4: for k = K;::; 1do

In this work, we consideBCQ-Lad35, 86| asthe 5: Calculate (xk;Yyc;K) (8);

base of ine safe RL algorithm. The process of6:  Inverse sampling sequenkg 1 (6)
generating one subtrajectory is summarized in 7: end for

Algorithm 1. More details of the implementation 8: Get actions, rewards, and costs fragi
are available in Appendix C. 9: Return: trajectory g

4.4 Theoretical analysis

We rst investigate how the distribution mismatch degrades the policy performance on constraint
satisfaction. Suppose that the maximum one-step c&tig = maXs.a ¢(S; a). Based on Lemma 6

in [92] and Lemma 2 in93], the performance gap between the policiearned with the datasét

and the optimal policy is bounded by

. . 2C 2C
Ve (o) Ve (o) = =

1

whered® (s); d (s) denote the stationary state distribution of the dataset and optimal policy. The
proof is given in Appendix A.1. Therefore, a signi cant mismatch between the dataset and the
optimal policy results in both a substantial state distribution TV distance and a large policy shift from
the optimal one, which can cause notable performance degradation, especially when the of ine RL
algorithm enforces the learned policy to closely resemble the behavior policy of the of ine data.

Drv (d°(s)kd (s)) +

Ed ([D7v ( (@s)k (ajs))l; (9)

Then we provide a theoretical analysis of how our method mitigates this mismatch issue by shrinking
the distribution gap, which provides a guarantee of the safety performance of the regularized of ine
safe RL policy. Lety(sjy) denote the state marginal of the generated data with conditiaiie

rst make the following assumptions.

Assumption 1(Score estimation error of the state margindihere exists a conditiop such that
the score function error of the state marginal is bounded by
Ed (s) kr S |0g dg(sjy ) rs IOgd (S)k "gcore' (10)

whered (s) is the stationary state distribution induced by the optimal policy

This assumption is also adopted in previous w®# P5]. For simplicity, we omit the condition

y inthe following analysis and usy(s); dy(s; &) to denote the generated state or the state-action
distribution with conditiory . As we use inverse dynamiégajs; 9 to calculate actions based on

the generated state sequence, the quality of the dataset is also determined by the inverse dynamics.
Therefore, we further make the following assumption.

Assumption 2 (Error of inverse policy) The error of action distribution generated by the inverse
dynamics is bounded by
Ed (s) DL (Miv(JS)K (JSD] "invs (11)
1This training/generation formula xing initial state in the sequence is adopted from Decision DifRGer [

However, we also found that xing the initial state is unnecessary for our dataset curation and conditional
distribution shaping task. Keeping this condition or not does not signi cantly impact the generation quality.




where?in(ajs) = Eso[f (ajs; s9] denotes the empirical inverse policy, which is a marginal of inverse
dynamics oves’.

Then the distance of generated data distribution to the optimal one is bounded as:

Theorem 1 (Distribution shaping error boundBuppose that the optimal stationary state distribution
satis es that 1) its score function s logd (s) is L-Lipschitz and 2) its second momentum is bounded.
Under Assumption 1 and 2, the gap of generated state-action distribution to the optimal stationary
state-action distribution is bounded by

p— P
Drv (dyg(s;a)kd (s;a)) O "seore K+ "i=2+ C(d (s);L;K); (12)
whereC(d (s);L; K ) represents a constant determineddys); L andK .

The proof is given in Appendix A.2. Theorem 1 indicates that using the proposed OASIS method, we
can shape the dataset distribution towards a bounded neighborhood of the optimal distribution.

Given the generated data, we will then train a regularized of ine safe RL policy by Eq. (3). Notice
that the regularization term in the objective function in Eq. (3) is equivalent to an explicit policy
constraint, and the coef cient is the corresponding dual variable. Therefore, we make the following
assumption on the distance between the learned poli@nd the behavior policy.

Assumption 3. Denote the generated dataseDgsand the corresponding behavior policy as
given a xed coef cientw, for the policy  optimized by Eqg. (3), there exists'ag such that

Eay(s) [Pk ( (J9)k ()] "reg: (13)
Based on the above assumptions, we can derive the bound of constraint violation of the policy learned

on the of ine data generated by OASIS. The proof is given in Appendix A.3.

Theorem 2 (Constraint violation bound)For policy  optimized by regularized-based of ine safe
RL on generated datasBly, under Assumption 1, 2 and 3, the constraint violation of the trained
policy is bounded as:

2c P p.— 9
T O e K+ CA (LK) + T2t w2 i (14)

whereC(d (s);L; K ) represents a constant determineddys); L andK .

Ve (o)

The theoretical analysis sheds insights by answering two questions: (1) Why do we use the diffusion
model for conditional distribution shaping, and (2) How does conditional distribution shaping bene t

of ine safe RL training? Theorem 1 shows that by using the conditional diffusion model as a
data generator, the TV distance between optimal and generated state-action distribution is bounded;
Theorem 2 shows that the safety performance of agent trained on the generated dataset is guaranteed
with OASIS.

5 Experiment

In the experiments, we answer these questions: (1) How does the distribution of the dataset in uence
the performance of regularized of ine safe RL? (2) How does our proposed distribution shaping
method perform in of ine safe RL tasks? (3) How well does the conditional data generator shape the
dataset distribution? To address these questions, we set up the following experiment tasks.

Environments. We adopt the continuous robot locomotion control tasks in the public benchmark
Bullet-Safety-Gym  [96] for evaluation, which is commonly used in previous wor&8,[28, 60].

We consider two task®unandCircle , and three types of robotBall , Car, andDrone. We name

the environment adgent-Task. A detailed description is available in the Appendix B.

Datasets.Our experiment tasks are mainly built upon the of ine safe RL dat@&RI[74]. To better
evaluate the tested algorithms with the challenging SDM problem, we create four different training
dataset typedull ,tempting , conservative , andhybrid . Thetempting dataset contains sparse

safe demonstrations, tloenservative dataset lacks rewarding data points, andHilerid dataset

has scarcity in the medium-reward, medium-cost trajectories. We set different cost thresholds for
different datasets. A detailed description and visualization of the datasets are available in Appendix B.
For the main experiments presented in Table 1, we traireopting dataset, with threshold = 20.



(a) Ball-Circle (b) Car-Circle

Figure 5: Performance with different datasets and varying constraint thresholds. The visualization of
these datasets is available in Appendix B.

Baselines and OASISFor baselines, we compared our method with botddel-centrianddata-
centric baseline methodsModel-cenrtic (1) Q-learning-based algorithm8CQ-Lag[35, 86],
BEAR-Lad41, 86], andCPQ26]; (2) Imitation learning: Behavior Clonind3Q [26]; (3) Distribution
correction estimationCOptiDICE [23], and (4) Sequential modeling algorithm&DT[28] and
FISOR[31]; Data-cenrtic (5) Data augmentatiorCVAE-BCQlve train BCQ-Lag agents on the
datasets generated by Conditional Variational Autoencoder (CVBB) The CVAHraining set and
the dataset generation conditions are set as the same with our OASISABtfEimplementation,

we set three cost conditiois to align safety preference and guarantee data coverage. Code is
available on our Github repository, checkpoints and curated datasets are available on our HuggingFace
repository.

Metrics. We use the normalized cost return and the normalized reward return as the evaluation metric
for comparison in Table 1 and 2. The normalized cost is de ne@@gnaizeca= C = , whereC is

the cost return and is the cost threshold. The agent is saf€ifimaized 1. The normalized reward

is computed bR omalized= R =rmax(M ), wherer nax(M ) is the maximum empirical reward return

for taskM within the given dataset. We report the averaged results and standard deviatioBs over
seeds for all the quantity evaluations.

Table 1: Evaluation results of the normalized reward and cost. The cost threshold th& higher
the reward, the bette#: the lower the cost (up to threshold 1), the betBwld: Safe agents whose
normalized cost is smaller than 1. Gray: Unsafe agditse: Safe agent with the highest reward.

Tasks
Algorithm Stats BallRun CarRun DroneRun  BallCircle  CarCircle  DroneCircle
reward" 0.55+0.23 0.94+0.02 0.62+0.11 0.73+0.05 0.59+0.11 0.82+0.01
BC cost# 2.04+1.32 150+1.11 348+0.68 253+0.15 3.39+0.85 3.29+0.18

reward" 0.25+0.11 0.63+051 0.13+0.300.39+0.34 0.64+0.02 0.01+0.02

CPQ cost# 134+132 143+1.82 229+1980.73+0.66 0.12+0.19 316+ 3.85
CoptipiCE "eWard" 0633004 0.90£003 07L:00L 073002 052+0.010.35+0.02
costd# 313+017 0.28+024 387+008 2.83+023 3.56+0160.12+0.10
BEAR.Lag oWad’ 065:008 055062 010£033 089+002 080008 0.89+004
cost# 4.38+028 B844+062 372+322 284+028 2.89+084 4.03+051
BCOlag WA 051019 096006 076007 076004 079002 088:004
cost# 196+088 231+322 519+108 262+029 325+028 3.90%055
o1 reward” 035+001 0.96+001 084+012 073+001 071+001 0.17+0.08
cost# 1.56+1.10 0.67+003 7.56+0.33 136003 239+015 1.08+0.62
fsor | feward” 017003 085:002 044014 028%003 024%0.05 049%0.05
costé 004+0.06 015+020 252+061 000+000 015+027 0.2+ 0.03
CVAE-BCOL eWard” 025:0.02 0882000 0215207 049003 060:005 001%002

cost#  1.40+0.35 0.00+0.00 2.80+0.63 139+027 177+047 3.31+1.66
reward” 0.28+0.01 0.85+0.04 0.13+0.08 0.70+0.01 0.76+0.03 0.60+0.01
OASIS (ours)  cost#  0.79+0.37 0.02+0.03 0.79+0.54 045+0.14 0.89+059 0.25+0.10




5.1 How can conditional data generation bene t of ine safe RL?

Performance degradation with SDM problems.The comparison results on thempting dataset

are presented in Table 1 with the cost threshokd 20 before normalization. Results BiCshow the
mismatch between the behavior policy and the safe policy, as the cost returns signi cantly violate
the safety constraints. The resultsBEQ-LagandBEAR-Lagshow this mismatch further in uences

the regularized-based algorithms, leading to constraint violations. This is because the regularization
term pushes the policy towards the unsafe behavior policy. The conservative Q function estimation
methodCPQexhibits a signi cant reward degradation in all tasks, which arises from the drawback
of the pessimistic estimation methods that learn over-conservative beh&psiDICEalso fails

to learn safe and rewarding policies, showing that even using distribution correction estimation is
not enough to solve the SDM problem. For sequential modeling algorit@®i&hows poor safety
performance an8ISORends to be over-conservative with poor reward performance. This is because
both methods require a large amount of high-quality data while the trajectories with low cost and
high reward are sparse in this task. The unsatisfactory performance oftlodsdcentricalgorithms

further motivates the effectivéata-centriclearning algorithm for of ine safe RL.

Performance improvement using OASIS.
From Table 1, we nd that only our method
OASIS can learn safe and rewarding policies by
mitigating the SDM problem. In addition to the
results on theéempting dataset, we also pro-
vide evaluation results within different types of
datasets and constraint thresholds in Fig. 5a and
Fig. 5b. We can observe that most baselines still
fail to learn a safe policy within different task
conditions due to the SDM issue. In contrast,
our proposed OASIS method achieves the high-

est reward among all safe agents, which showsgure 6: Data ef ciency on th&all-Circle
strength in more general cases. task with atempting dataset.

High data ef ciency of OASIS. In this experiment, we vary the amount of data for of ine RL agent
training to evaluate data ef ciency. The evaluation results are shown in Fig. 6. The x-sqgesents

the size of the RL agent training dataset. For OASIS, it denotes the size of the generated data. A
subsequent BCQ-Lag agent is trained on this generated dataset to obtain the safe RL policy. For the
baseline methods, we randomly sample trajectories from the original dataset to construct the training
dataset.

The comparison results indicate that we can still learn a good policy using a small amount of
high-quality data (< 2%) generated by OASIS. In contrast, baseline methods show signi cant
performance degradation when the data are sparse as the noisy data is of low quality.

This observation demonstrates that the agentrape 2: Ablation study on denoising stip
can learn a good policy with high data ef -
ciency given high-quality data with minimal safe K 10 20 40
dataset mismatch (SDM) issues. As OASIS of—g_alll- rewa;d 8-%f8-25 8-121; g-fﬁ 8-;&%%13
fers a solution to shape the dataset distributionglt® W5, 0967004 0285001 029001
it also reduces the required training dataset Sizeégn  cost 016+0.14 079+037 0.00<0.00
while maintaining good performance, further
reaf rming the effectiveness alata-centricapproaches in of ine safe learning and highlighting that
prioritizing quality is essential [70].

5.2 How can OASIS shape the dataset distribution?

Successful distribution shaping.To show the distribution shaping capability of the proposed OASIS

and baselin€VAEwe generate the dataset under different conditions and visualize them in Fig. 7.
When using different conditions, the expectations of reward and cost of the generated dataset change
accordingly. This shows the strong capability of our method in distribution shaping. We also visualize
the density of the generated data. In @&r-circle task, the robot receives high rewards when
moving along the circle boundary and receives costs when it exceeds the boundaries on both sides,
as shown in Fig. 7(c). The original dataset contains trajectories with various safety performances.



Figure 7: (a)(b) Reward and cost performance of the generatedElftés; a)] ; E [c(s; @)] ; (S; @)

dy. The x-axis and y-axis mean the reward and cost conditions and the values of both conditions and
expectations are normalized with the same scale. (c¢) Visualization of the data denSigy-circle

task;2: The density of th€x; y) position of the raw datase’; 4: The density of the positiofx;y)

of the data generated by OASIS under conditifing, 0:5] and[0:75; 0:75]; 5; 6: the density of the
position(x; y) of the data generated I§VARInder condition$0:1; 0:5] and[0:75; 0:75]

When using a low-cost condition, the generated data are clustered within the safety boundary to
satisfy the constraints. When using a high-reward condition, the generated data points are closer to
the circle boundary and receive higher rewards. In contrast, the ba€&ilkEannot successfully
incorporate the conditions in data generation, resulting in almost similar datasets with different
conditions as shown in Fig. 7(c). More experiment results including the visualization of generated
dataset comparison and corresponding analysis are available in Appendix B.2.

5.3 Robust performance against denoising steps

We conduct an ablation study on the key hyperparameter of the proposed OASIS method. The
experiment related to the denoising st&pss presented in Table 2. Performance does not change
much with different values, which shows the robustness of the proposed OASIS method.

6 Conclusion

In this paper, we study the challenging problem in of ine safe RL: the safe data mismatch between the
imperfect demonstration and the target performance requirements. To address this issue, we proposed
the OASIS method to employ a conditional diffusion model to shape the dataset distribution and
bene t of ine safe RL training. In addition to the theoretical guarantee of performance improvement,
we also conduct extensive experiments to show the superior performance of OASIS in learning a safe
and rewarding policy on many challenging of ine safe RL tasks. More importantly, our method shows
good data ef ciency and robustness to hyperparameters, which makes it preferable for applications in
many real-world tasks.

There are two limitations of OASIS: (1) Of ine training takes longer: our method involves prepro-
cessing the of ine dataset to enhance quality, which requires more time and computing resources;
(2) Achieving zero-constraint violations remains challenging with imperfect demonstrations. One
potential negative social impact is that misuse of our method may cause harmful consequences and
safety issues. Nevertheless, we believe that our proposed method can inspiredfatdhezntric
research in the safe learning community and help to adapt of ine RL algorithms to real-world tasks
with safety requirements.
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A Proofs

A.1 Proof of EQ.(9)

By de nition of the stationary state-action distribution,

Ve (o) Ve (o) (15)
= L Bl o (5] Egeay o [o(51)] (16)

Crmax X :

1 jd (s;a) d(s;a)j (17)
= 21CmaxDTv (d (s;a)kd (s;a)) (18)

icmax (DTV (d (S; a)kd (S) (ajs)) + D1v (d (S) (aJS)kd (5; a))) (19)
:Zlcmaxaw (d (9)kd () + zlcma*Ed oD ( @9k (ajs))] (20)

The second inequality holds by triangle inequality for total variation distance.

In general, the stationary distribution of learned policy is in between of the empirical distribution of
of ine datad® and optimald . Therefore, we can obtain

. . 2C 2C
Jvc( 0) Vc( O)J = 1 =

Drv (d (s)kd® (s)) + Eq (9D ( (@js)k (ajs))]: (21)

A.2 Proof of Theorem 1

Proof. By triangle inequality, we rst decompose the TV distance between state-action distributions
into a state distribution distance and a policy distance,

Dv (dg(s;a)kd (s;a)) (22)
=D1v (dg(s) g(ajs)kd (s) (ajs)) (23)
D1v (dg(s) g(ajs)kd (s) g(ajs))+ Drv (d (s) g(ajs)kd (s) (&js)) (24)
=D1v (dg(s)kd (s)) + Eq4 (5)[D1v ( g(ais)k (ajs))] (25)
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We then consider two parts separately.

For the stationary state distribution distance, we suppose that the optimal distrith(spmas a
L -Lipschitz smooth score function and a bounded second momentum. Meanwhile, note that the score
function in Assumption 1 is closely related to the denoising modé8, 99]:

. 1 .
r slogdg(sjy) = 191:t (siy); (26)

where (sjy) is the state marginal of the practical denoising model in Eq. (8). Therefore, by theorem
2in [95], under Assumd)tion 1, we have

Drv (dg(s)kd (s)) . Diw (d (S)kN (0;15S1))exp( K)+ L(p jSi+ mz)pK+ "scorepf (27)

whereK is the number of denoising timestg$j is the dimension of the state space, amglis the
second momentum af (s). Therefore, aggregating the rst two terms in RHS, we have

Drv (do(S)kd (5) O "seore K+ C(d (8);LiK ); (28)

whereC(:::) isaconstantw.rd ;L;K .

Regarding the policy distance. By Pinsker's inrequality,

. . 1 . .
D ( g(ajs)k (ajs)) 5Pk (g(@s)k  (as)) (29)
Meanwhile, since the action is generated by the inverse policy, j&," inv, by Assumption 2, we
have "y #
1
Ed (s) [D7v ( g(ais)k (ajs))] Eq (s EDKL( g(as)k (ajs)) (30)
r 1
éEd (s) [DkeL ( g(ajs)k (ajs))] (31)
p
= =2 (32)
where the second inequality holds by Jensen's inequality.
Combining the Eq. (28)) and (32), we nish the proof of Theorem 1. O

A.3 Proof of Theorem 2

We start from the Eq. (9). The policy distance can be further decomposed into

D ( (ais)k (ajs) Drv ( (ajs)k P(ajs)) + Drv ( P(ajs)k (ais)): (33)
By Assumption 2 and 3 and Jensen's inequality, we have

Eq (5[D1v ( (ajs)k (ajs))] (34)

Eq (s)[%TV( (ais)k P (ajs))]+ Eqg (s)[D1v ( :(ajs)k (ajs))] (35)

Ed sy Dk ( (ajs)k P(ajs))=2 + Eq sy Dk ( P(ajs)k (ajs))=2 (36)

q q
Eq (s) [DkL ( (ajs)k P(ajs))] =2+ Eq () [DkL ( P(ajs)k (ajs))] =2 (37)
q

p
" reg:2 + =2 (38)
Plug-in Eq. (28) and (38) into Eqg. (21), we have

. . 2Cmax R - p—— 49—
JVc ( o) Vc( 0)i —— O "score K + C(d (s);L;K )+ inv=2 + reg:2 : (39

1
Meanwhile, notice that the optimal policy is constraint satisfactory, i.e.,
Ve( o) (40)
Therefore, we have
Crmax o 0 P Pi—., 9
Ve (o) ——— O "score K +C(d (s);L;K )+ inv=2 + reg:2 ; (41)

1
which nishes the proof of Theorem 2.
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B Supplementary experiments

B.1 Trajectory reweighting for distribution shaping

In this section, we provide details about the trajectory reweighting experiment presented in Sec. 4.1.
Following previous work 39, 89] in of ine RL, we adopted datapoint reweighting in policy optimiza-
tion, which can be formulated via importance sampling as:

Jo(s ) Esayp wHot(: )= Esayp W(sia)dor(: I (42)

whereJd Jt(; ) isthe objective function after reweighting. In this experiment, we utilize a Boltzmann
energy function as adopted in [39] for of ine RL tasks:

w( )/ exp 1R()*+ o(C() ) (43)

Herew( ) means that all the state-action pairs in one trajectory share the same weight, which is
related to the cost and reward retu@g ); R( ). We adopt ; = , =1 in the experiments shown
in Fig. 3.

B.2 Supplementary data generation comparison results

Due to the page limit, we omit the visualization of reward and cost distribution using the CVAE
method for data generation. Here we provide the results in Fig. 8. From the reward performance
and the cost performance, we can observe that CVAE can hardly encode conditions into the data
reconstruction, leading to similar results when setting different conditions. From the trajectory
reconstruction results shown in Fig. 8(c), we can observe that the generated trajectories are almost
the same as the original one. This feature is not desirable for our distribution shaping purpose. In
contrast, our method OASIS can successfully shape the distribution as shown in Fig. 7, with the
strong capability of the diffusion model in the condition-guided denoising process.

Figure 8: CVAE reconstruction. (a) Reward performance of the generatedetfai@; a)] ; (s; @)

dg, (b) Cost performance of the generated d&fc(s; a)] ; (s;a) dg. In(a) and (b), the x-axis and

y-axis mean the reward and cost conditions, and the value of both conditions and expectations are
normalized to the same scal@; 1]; (c) The data reconstruction results using the condjiioty 0:5]

of 10 sampled trajectories in the dataset.

The comparison results of generated trajectories using OASIEsAdin the Drone-Circle task

are presented in Fig. 9. This gure illustrates the generation results of OASIS and CVAE under
two conditions: low-cost-medium-reward, and medium-cost-high-reward. Although CVAE can
reconstruct the trajectories, it fails to integrate conditions into the generation process. In contrast,
OASIS successfully controls the generated trajectories, avoiding the restricted area when conditioned
on low-cost-medium-reward.

C Implementation details

C.1 Environment details

Due to the page limit, we omit some descriptions of experiments in the main context. Here we give
more details about our experiment tasks. Both the Circle task and the Run task are from a publicly
available benchmark [96].
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Figure 9: Visualization of generated trajectories infirene-Circle task.

Circle tasks. The agents are rewarded for running along a circle boundary. The reward function is

de ned as:
YVx + Xvy

1+j x2+y2 radiusj

wherex, y are the positions of the agent with stafevy, andv, are velocities of the agent with state
s® radius is the radius of the circle area, andyo (St) is the speci ¢ reward for different robot.

r(s;a;sd) =

+ T'robot (S) (44)

The agent gets cost when exceeding the boundaries. The cost function is de ned as:
Boundary:c(s;) = 1(jXj > X jim) (49)
wherex|im is the boundary position.

Run tasks. Agents are rewarded for running fast along one xed direction and are given costs if they
run across the boundaries or exceed a velocity limit. The reward function is de ned as:

r(s;a;s) = jixe 1 dii2 ii Xt dii2+ 'robot (St) (46)
The cost function is de ned as:
c(s;a;8%) = max(1; 1(yj > Yim )+ 1(iViiiz > Viim ) (47)

wherevji, is the speed limit, angli, is they position of the boundary; = [vy;vy] is the velocity
of the agent with stats”, g = [ gy; g,] is the position of a virtual targex,; = [Xi; ;] is the position
of the agent at timestampx; 1 is the Cartesian coordinates of the agent with staiq is the
Cartesian coordinates of the agent with s&ffendr onet (St ) is the speci ¢ reward for the robot.

Agents. We use three different robot agents in our experimeBadl , Car, andDrone. The action
space dimension, observation space dimension, and the timesteps for these six tasks are shown in
Table 3.

Table 3: Environment description

Max Action Observation
timestep space dimension space dimension

BallRun 100 2 7
CarRun 200 2 7

DroneRun 200 4 17
BallCircle 200 2 8
CarCircle 300 2 8

DroneCircle 300 4 18
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C.2 Dataset details

We provide details about the dataset types we presented in the experiment p&tlITh€&empting,
Conservative , andHybrid datasets foBall-Circle  andCar-Circle tasks are shown in Fig. 10,
11, respectively. All th& empting datasets associated with results in Table 1 are shown in Fig. 12.

Figure 10: BallCircle Dataset types. Each point repres@d{s); R( )) of a trajectory in the
dataset.

Figure 11: CarCircle Dataset types. Each point repreg@hts); R( )) of a trajectory in the
dataset.

Figure 12: All tempting datasets. Each point represé@fs ); R( )) of a trajectory in the dataset.
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