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Abstract

Offline reinforcement learning is a paradigm that learns
policies without real-time interaction with the environment.
Using offline datasets avoids the potential training dangers
and overhead of real-time interaction sampling. However,
one key challenge of offline reinforcement learning is that
there is no guarantee the learned policy is safe because the
high-reward actions in the offline dataset do not satisfy safe
constraints. In this paper, we propose a novel algorithm
that improves policy safety for offline reinforcement
learning named SPI. The core idea of SPI is using diffusion
model to expand the original action space by guiding
the generation of high reward actions satisfying safety
constraints in similar data distributions. First, we remap
the offline dataset to enhance the cost property. Second, we
integrate the diffusion model, action value function, and
safety value function into a framework that promotes the
action to converge towards a distribution that is compliant
with safety constraints. Extensive experiments under the
DSRL benchmark demonstrate that SPI outperforms the
relevant baselines in most tasks.

Keywords: Offline reinforcement learning, Safe policy,
Diffusion model, Learning from experience

1 Introduction

Offline reinforcement learning (Offline RL) is a
paradigm that learns policies using offline dataset without
interacting with the environment, and its optimization
goal is to gain an policy that maximizes the expected
cumulative reward [1-2]. Thanks to the shift from real-
time interactive online sampling to multi-batch dataset
offline sampling, training agents to learn policies has
become more cost-effective and efficient. This shift has
driven extensive research into Offline RL in some research
areas where sampling is costly and time-consuming, such
as: autonomous driving [3-4], recommendation systems
[5-6], competitive games [7-8], and robot control [9-11].
However, when using offline dataset for policy learning,
Offline RL agents trained by maximizing the expected
cumulative rewards do not take safe constraints into
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account in decision making. For instance, in navigation
tasks, a robot dog, in order to gain high rewards that are
negatively correlated with duration, would not take any
evasive actions against obstacles on the moving path
to rush straight ahead as quickly as possible. When the
robot dog is deployed, it will cause some risks due to the
neglect of safety, which cannot be accepted in real word
applications.

The safe offline reinforcement learning (Safe
Offline RL) is a good solution, which integrates safety
constraints into the optimization objectives of Offline RL.
By employing constrained Markov decision processes
(CMDPS), Safe Offline RL can ensure that both reward and
safety attributes are taken into account when evaluating
policies. However, the datasets used may come from
multiple behavioral policies that may have different goal
tasks [12], and their complex composition make it difficult
to ensure that high reward actions can satisfy the safety
constraints. Previous works concentrated on how to find
the optimal policy while satisfying the safety constraints.
However, existing works face certain difficulties. (1)
One approach is to impose constraints directly on the
policy itself [13-15]. For example, introducing Lagrange
multipliers into existing Offline RL algorithms to impose
penalties for safety constraint violations; this transforms
the original constrained minimization problem into an
unconstrained optimization problem, penalizing state-
action pairs that do not meet the constraints. However,
when dealing with high dimensional complex data,
the Lagrange multiplier method can easily converge to
local optimal. (2) Another approach involves applying
regularization to the value function to make its safety
assessments more conservative [16-17]. By modifying the
Bellman update equation, a pessimistic approximation of
the lower bound is established, which helps reduce the
impact of overestimation. However, the trade-off between
conservatism and activism poses a complexity within the
algorithm. Policies that are excessively conservative or
overly aggressive may fail to identify state-action pairs
that offer low costs and high returns.

To address the aforementioned issue, we propose
the safe policy improvement via diffusion model for
offline reinforcement learning (SPI), as shown in Figure
1. Inspired by the diffusion Q-learning algorithm [18-
19], we propose to use diffusion concepts to expand the
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original offline dataset with a focus on cost, ensuring that
SPI converges to a safe, high-reward policy through three
processes. Specifically, we first remap the cost features of
the offline dataset to avoid the problems associated with
sparse data. Next, we apply the diffusion model to denoise
and fit the processed data distribution and learn action
value function and the safe value function. Additionally,
we incorporate the value of two value functions into the
optimization objective of the noisy diffusion process,
ensuring that the generated action closely aligns with the
policies distribution in the offline dataset while meeting
safety constraints. The main contributions of this work are
as follows:

1. SPI facilitates the evaluation of safety policies
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by providing data support through the mapping and
processing of data within the offline dataset. Considering
the temporal effects on the safety value function of action-
state pairs, we remapped the cost attribute in the dataset to
avoid events such as cost-effectiveness disappears.

2. We couple the diffusion model with action value
function and safety value function to equip SPI with the
ability to balance fitting distributions and generating
safety actions. This enables SPI to learn complex Gaussian
distributions and develop new, diverse safety actions.

3. In numerous safety-related offline reinforcement
learning tasks, SPI demonstrates a better overall
performance than baseline algorithms in both high reward
and safety.

=~ Training process
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Figure 1. The framework of SPI

2 Related Work

2.1 Offline Reinforcement Learning

The distributional shift, which is a significant issue
in Offline RL, refers to the discrepancy between the
distributions of training data and actual data, leading
an offline-trained model to overestimate the Q-value of
unknown state-action pairs. The BCQ [20] algorithm
considers constraining the deviation of the actions of the
current policy from the actions in the utilized dataset,
but the generated policy is constrained by the expressive
capacity of its behavior policy. The BEAR [21] proposes
support-set matching, which reduces reliance on the
behavior policy. However, the implementation of support-
set matching introduces the complexity of tuning various
hyperparameters. The TD3+BC [22] algorithm has a
simple architecture, adding an action cloning regularization
term to the value function and normalizing states, but it

requires further adjustment of the action cloning constraint.
The IQL [23] algorithm reconstructs its policy and value
function used a SARSA-style approach and employs the
advantage weighted regression (AWR) method for policy
extraction purposes, limiting the update of the Q-value
function entirely within the offline dataset avoids the
constraints associated with behavior cloning. However,
this approach is also susceptible to the influence of noise
present in the data set. The RAMBO [24] algorithm
achieves conservatism by modifying the learned model
dynamic equation, using an adversarial approach not only
ensures the pessimism of the algorithm but also enhances
its robustness.

2.2 Safe Offline Reinforcement Learning

Safe offline reinforcement learning is based on
Offline RL to find policies that satisfy safety constraints.
This requires finding safe policies while simultaneously
avoiding extrapolation errors, ensuring that the learned
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policies are both effective and compliant with safety
requirements. Previous works have classified safe
constraint levels into three categories: hard, probabilistic,
and soft constraints. The degrees of the constraints
range from strong to weak. For all times i€ {0, ..., [}
and constraint indexes je {1, ..., n.}, respectively, hard
constraints (¢/< 0) mean that the agent cannot break any
rules during training. The TREBI [15] algorithm addresses
the constrained policy optimization problem from the
trajectory distribution perspective. Probabilistic constraints
(P(c’< 0) > p’), as their name suggests, mean that the
agent is less likely to break the rules. The CODAC [25]
algorithm learns conservative reward distributions by
penalizing the predicted quantiles of outlier behaviors.
The VOCE [26] algorithm uses probabilistic inference and
pessimistic estimation methods to reconstruct an offline
safe reinforcement learning problem. The COptiDICE [14]
algorithm optimizes policies by correcting their steady-
state distributions. Soft constraints (¢’ < ;) look for a
feasible solution that makes all violations of the objective
function as small as possible. When an action is out of
distribution, the CPQ [17] algorithm increases its cost
value while protecting the state-action pairs that satisfy the
safety requirements and have similar distributions more.

Our algorithm belongs to the category of soft constraint
algorithms. Unlike the aforementioned algorithms which
reduce the cost of the policy to an acceptable range
through constraints, SPI remaps the dataset and utilizes
safety value functions and action value functions to guide
the diffusion model in generating safety policies.

3 Preliminaries

3.1 Problem Settings

For safe offline reinforcement learning, CMDPS (S, A,
P, r, c, y) are used for modeling. S is a finite set of states,
and A is a finite set of actions. P(s;,, | s;, @)—[0,1] is a
state transition probability matrix, 7;(s,, @,)—R is a reward
function that describe the rewards associated with the
current state-action pair, ¢, (s, @)—R is a cost function that
express the risk factors associated with the current state-
action pair, and y is a discount factor: y€[0,1]. In a CMDPs
trajectory © = {So, dg, 7o, Co» --+» Si» ds» I's» Cpy ...}, €Xpected

cumulative reward G" = X7 y'r; and expected cumulative

cost G° = X7, y'c, are the important metrics used to

evaluate policy performance. Safe offline reinforcement
learning aims to use an offline dataset B(s;, a;, 7, i, Si11)
to train a policy 7 (a | s) that maximizes the expected
cumulative reward under the constraints of safety, such as
expected cumulative cost less than the cost threshold b.
The Q-value function or action value function Q'(s;, a,)=
E,.[G,s; a] is typically used to evaluate the action a taken
by policy z in the current state s. The optimal policy is
represented as 7 .

7" =argmax G~
g @
s.t.G° <b.

3.2 DDPM

The DDPM trains a noise predictor by gradually
adding noise to the original image data until the original
image data x, ~ q(x,) is completely transformed into a
standard normal distribution A{0, I). This noise predictor
is then used to generate images by denoising based on the
standard normal distribution x,~A{0, I).

The diffusion procefss (forward process) entails the
incorporation of the corresponding variances £ into the
original probability distribution g(x,) or the previous
probability distribution g(x,) in accordance with the
timestep t, thereby yielding a conditional data probability
distribution ¢ (X, |x, ;) at the timestep t.

Q(Xz | Xt—l) = N(Xt;\jl_ﬂt Xt—ﬂﬂtl) )

The denoising process (reserve process) involves the
predicted conditional probability distribution p, (x, | X,)
of the sample variables produced by the trained noise
predictor u,(x,, f) at the timestep t, again operating as a
Markov decision process.

pH(XH| X/):z N(X/fl; "H(Xnt), Z(-)(Xnt)) (3)

4 Safe Policy Improvement

SPI achieves safe policy improvement through three
steps: safe character improvement, safety distribution
capturing, and safe policy extraction.

4.1 Safe Character Improvement

Safe Offline RL uses CMDPS to represent trajectories,
quantifying potential cost factors into deterministic values
using cost features. To improve data quality, we first
consider reconstructing the dataset. This reconstructing is
intended to enhance the cost characteristics and encourage
reconstructed data to meet the needs of algorithm
convergence. We have defined c¢' to measure the safety of
the actions taken by policy # in the current state.

() if unsafe

“@

else, 1if safe

0'=1—f(0)={

where f(c)—[0, 1], and through reconstruction, we
obtained a feature-enhanced dataset f?(s,, a, r, ¢y Si)
from dataset B(s,, a;, r;, ¢;, S;;,). Analogous to the action
value function Q'(s;, a;), we have developed a safety value
function to evaluate the safety of the actions taken by
policy z in the current state.

0

0% (s,,a) =B, [2 7'¢]] ®)

i=0

As shown in Eq. (5), when calculating the safety value
function of the action-state pairs, the discount factor is also
included in the judgment to ensure that the state-action
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pairs have excellent safety even in long-period trajectories.
When the discount factor y is small, the policy relies on the
immediate cost, while the policy is more far-sighted when
the discount factor y tends to one. However, when the data
is sparse, it may trigger the occurrence of vicious events
such as cost-effectiveness disappears.

(c) 3*n pixel world

Figure 2. Pixel world

As illustrated in Figure 2, the agent always starts at
the initial position (0,0) with the goal of reaching the end
safely. If it falls into a trap it will get the cost of 1, and if
it reaches the end it will get the reward of 1. The rest is
grass, with no reward nor cost.

When constraining using ¢, except for the trap position
where the cost is 1, all other squares have a cost of 0.
The policy is derived by minimizing the total cost. When
we consider the use of white trajectory to measure the
safety value function of the state-action pairs of the initial
position, we get 1*y’ in 3*3 pixel world as Figure 2(a),
1#)%in 3*6 pixel world as Figure 2(b). If considering a
larger pixel world like 3*n(n—) pixel world in Figure
2(c), the exponent of the discount factor is so large that
the power operation ultimately offsets to the effect of cost
since the discount factor is a decimal number.

To address this, we introduce ¢', which solves the
problem of vanishing influence through mapping. All other
squares have c' of 1 except trap, where ¢' is 0. The policy
is derived by maximizing c'. Similarly, we use the white
trajectory to measure the safety value function of the state-
action pairs of the initial position, and we get 1%y’ + 1%*y*
+ 1*¥y°+ 1*¥y°+ 1*y' + 1*)” in 3%6 pixel world. For larger
pixel worlds, we can get larger values.

4.2 Safety Distribution Capturing

The diffusion model exhibits strong data modeling
capabilities and policy representation abilities. However,
naively applying it directly to the reconstructed dataset
would only yield policies similar to those in the original
dataset, akin to imitation learning. To enable the model
to capture the distribution of safe data, we integrate the
diffusion model with two value functions. This allows
the diffusion model to be guided by both value functions
during training, facilitating the generation of diverse

policies. We conceptualize this as safety distribution
capturer D,, which is trained using data (s;, a;, ,, ¢’ 5i11)
sampled from the reconstructed offline dataset B.

o « argmin, [nKL,((s;,a,) | (s;,a}))
— 0y (s, af ) =905 (s,,af)] (6)
st. (s;,a,) ~B,(s,,a®)~D,

We used a combination of the KL divergence term
and the value function term to form the safety distribution
capturer D,. The KL divergence term ensures that the
generated policies are sufficiently similar to the distribution
in the original dataset, thereby avoiding extrapolation
errors. The value function term facilitates the safety
distribution capturer in selecting actions that have high
values for both Q" and O in the current state. To generate
policies as diverse as possible, we define the parameter
relationship between the KL divergence term and the two
value functions as # + u + ¢ =1 and n<[0,1], x<[0,1],
#<[0,1].

4.2.1 KL Divergence Term

To avoid extrapolation errors, we use KL divergence
to measure the discrepancy between the captured data
distribution and the data distribution in the offline dataset.
According to the Markov property, it can be inferred:

(5053,) =, (30,2, ) 1=y,

=NGO (SO ’at—z) +y1- a’, Y, ,

=@, (50,3,) +1-a,y

)

Where a,= 1-4, a, = er_:l @, y, is a standard gaussian
distribution, and y, is the result after combining the two
Gaussian distributions. Furthermore, we use {1, 2, 3, ..., ¢}
to express the diffusion steps.

In the forward process or diffusion process, we sample
state-action pairs and continuously add gaussian noise
until the distribution of the state-action pairs becomes pure
noise. For the reverse process or denoising process, we use
a parameterized neural network p,, for fitting.

DPol(S0> 2,1)| (S0, 2)) = )
N(Hw((sm at)s t)a Zw((sm at)7 t))

Specifically, we use noise model €, to predict the added
noise distribution, and then gradually denoise from pure
gaussian noise, ultimately fitting it back to the state-action
pairs. Optimization is conducted by using gradient descent
with the evidence lower bound (ELBO) in variational
inference. Where it represents the added noise labels,
while denotes the noise generated by the neural network.
The fitting between the two ensures the consistency of
the generated state-action pair (s, a¥) with (s, a;) in the
dataset.
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KLw((s[,a[) | (Sna;g)) =

9
le—e,(Ja, (s,a) +1-@e,0)IF ©

4.2.2 Value Function Term

We utilize two value functions to guide the diffusion
model in capturing a safe and high reward distribution.
Here, Q) encourages sampling in action space with high
rewards, while Q¢ promotes sampling in action space with
high safety. Together, both O}, and Q¢ functions influence
the diffusion model.

0 < argmin,

; . (10)
17+ 7 0p (8,115 @y) — Oy (s, a;) ”2

A < argmin,

’ c' < (11)
” ¢ +7Q/1 (Si+1’ai+1)_Q/1 (si’ai) ||2

4.3 Safe Policy Extraction

After safe character improvement and safety
distribution capturing, SPI has the capability to model safe
data. Ultimately, we use the state value function to filter
the generated actions, extracting safe policies.

7(s)=argmax , O,(s,a;)

st.{af ~ D, (s)}.,

12)

In the actual experiments, to mitigate the impact of
random noise and outliers, we duplicate the state s 50
times and input it into D,. Then, we perform a maximum
selection on the 500 action values Q7 generated by D,,.

The entire process is illustrated in Algorithm 1.

Algorithm 1. Safe policy improvement via diffusion
model
Require: safety distribution capturer D
B, parameter 7, i, ¢;
Initialize: noise model ¢, action value network Qj,
safety value network O
for each iteration do:

# Safe Character Improvement

Reconstructing dataset 3 yields B by
Equation (4)

# Safety Dritribution Capturing )

Random batch sample (s;, a,, 5., 75, ¢}) ~ B

Using (s;, a;, ;11, 1) trains QO by Equation (10)

Using (s;, a;, 5., ¢') trains Q¢ by Equation (5) and by
Equation (11).

Using trains €, by Equation (9).

Updating noise model ¢,, action value network Q7 safety
value network 0.

Train D, by Equation (6).

Updating safety distribution capturer D,,.

# Safety Policy Extraction

Extracting the safe policy by Equation (12)
end for

offline dataset

>

5 Experiments

Environments and Dataset

We leverage the DSRL [27] dataset, which was
specifically designed for offline safe reinforcement
learning. The performance of the tested algorithms is
evaluated by assessing baseline tasks with different
difficulty levels. In the context of applying safe offline
reinforcement learning algorithms, we select common
safe environments such as the Bullet Safety Gym [28]
and Safety Gymnasium [29], which encompass a variety
of applied intelligent agents including drones, ants, and
hoppers. The implemented tasks can be divided into three
categories. The Circle task requires the agent to move in a
clockwise direction within the defined circle, and the agent
receives cost penalties if it deviates from the specified safe
boundary. In the running task scenario, the agent is trained
to move between the safety boundaries on either side. In
addition to the penalty for exceeding the safety boundaries,
the agent also receives a penalty if its speed becomes too
high during its movement. The velocity task demands that
the agent walks smoothly while satisfying the imposed
velocity constraints. The used experimental environment
and agent types are shown in Figure 3.

Figure 3. Experimental environments and agents

Evaluation Indicators

The primary objective within the safe offline
reinforcement learning domain is to identify the optimal
policy that meets to the constraints. The key performance
metrics used for evaluation are the maximization of
rewards and the minimization of costs. Additionally, to
mitigate the impact of random errors, the collected data
undergoes a normalization process, whereby the results
are averaged across 20 episodes. Moreover, we use bold to
indicate the highest safety and reward performance trained
under the same task.

Baselines

We used five different baselines for comparison:

CPQ [17] algorithm involves constraining the value
function by penalizing the action value function of out-of-
distribution actions to satisfy safety constraints.

COptiDICE [14] algorithm regularizes the policy
by utilizing the difference between the steady-state
distribution of the optimal policy and the offline dataset
distribution to optimize the problem.

BEARL and BCQL [30] algorithm belong to the same
category as COptiDICE, and they incorporate Lagrange
constraints in offline reinforcement learning algorithms to
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regularizes the policy.

BC [31] algorithm represents behavior cloning, and
its performance can be viewed as the behavioral policy
performance derived from an offline dataset. By comparing
our proposed algorithm with the BC algorithm, we can
assess whether our approach has learned a better policy
from the offline dataset.

5.1 Comparison Experiment

A performance comparison between SPI and other
baselines across 8 different experimental tasks is shown
in Table 1. Owing to its powerful data fitting capabilities
and ability to balance various tradeoffs, SPI algorithm
shows respectable performance across various tasks. By
examining the average metric, our method exhibits a
balanced performance in terms of reward and cost, which
aligns with our anticipated desirable outcome as depicted
in Figure 4 and Figure 5. Moreover, in some tasks where
SPI does not yield the highest rewards, the performance
of SPI is still comparable to the optimal algorithms.
Specifically, under the offlineAntVelocityGymnasium-v1
task, SPI is approximately 1 percentage point lower than
both BCQL and BC algorithms in terms of maximum
rewards, but the cost metrics for BCQL and BC are 328

Table 1. Comparison experiment results

and 573 percentage points higher than SPI, respectively.
For the OfflineWalker2dVelocityGymnasium-v1 task,
the CPQ algorithm, while having a cost value similar
to SPI, demonstrates a significant discrepancy in the
reward metric, being 78 percentage points lower than
SPI. Additionally, both BEARL and BCQL match SPI’s
performance on this specific task but do not outperform
SPI in other tasks. For example, in certain tasks such as
OfflineHopperVelocityGymnasium-v1, the performance is
unacceptably low, indicating potential shortcomings in the
algorithm’s robustness. In contrast, the baseline algorithms
struggle to strike a balance between their rewards and
costs. Specifically, some baseline algorithms (CPQ,
COptiDICE, and BEARL) are overly conservative,
becoming excessively focused on safety and unwilling to
execute policies with higher rewards. Conversely, BCQL
algorithm is too aggressive, violating the cost constraints
while attempting to pursue high-reward policies.
Additionally, the performance of the BC algorithm is
heavily depended on the quality of the employed dataset;
therefore, it has relatively low robustness. SPI exhibits
superior performance across all datasets, due to its capacity
to capture safety characteristics and effectively articulate
policies.

Tack Ours CPQ COptiDICE BEARL BCQL BC

reward? costd reward? costd rewardt costd rewardt costd reward? costd rewardt costd
OfflineBallCircle-v0 0.95 565 0.66 0.00 069 387 064 264 072 246 0.63 257
OfflineCarCircle-v0 0.71 0.19 070 0.00 042 237 066 034 056 122 040 394
OfflineCarRun-v0 0.97 0.00 093 0.00 095 000 042 0.00 096 0.00 09  0.00
OfflineDroneCircle-v0 0.64 6.16 -026 0.00 027 174 -026 0.00 048 035 0.60 4.90
OfflineAntVelocityGymnasium-v1 0.98 0.57 -1.01 0.08 097 273 -051 0.00 099 385 0.99 6.30
OfflineHalfCheetah VelocityGymnasium-v1l 0.97 0.00 -022 0.00 0.69 0.00 -027 0.12 096 9.89 0.93 1.93
OfflineHopperVelocityGymnasium-v1 0.89 4.86 0.03 0.00 040 122 0.17 944 083 937 070 337
OfflineWalker2dVelocityGymnasium-v1 0.79 0.01 0.01 0.00 0.13 243 079 0.00 0.80 0.00 0.77 0.02
Average 0.86 2.18 0.11 001 057 1.80 021 1.57 079 339 075 2.88
Table 2. Ablation experiment results

SPI SPI except Q¢ SPI except Q"

Task

rewardl costd rewardl costd rewardl costd
OfflineBallCircle-v0 0.95 565 094 588 0.04 0.00
OfflineCarCircle-v0 0.71 0.19 093 9.08 -0.01 0.00
OfflineCarRun-v0 0.97 000 096 0.18 095 0.00
OfflineDroneCircle-v0 0.64 6.16 0.56 822 -026 2.89
OfflineAntVelocityGymnasium-v1 0.98 0.57 1.04 19.70 -1.01  0.00
OfflineHalfCheetah VelocityGymnasium-vl 0.97 0.00 1.01 299 -0.11 0.00
OfflineHopperVelocityGymnasium-v1 0.89 486 0.17 826 0.06 0.00
OfflineWalker2dVelocityGymnasium-v1 0.79 0.01 0.17 6.10 -0.01 0.00
Average 0.86 2.18 0.72 7.55 -0.04 0.36
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Figure 4. Average reward of comparison experiment

5.2 Ablation Results

To evaluate the effectiveness of the proposed
algorithmic design, we decompose the SPI algorithm into
several functional components and modify the model by
selectively removing or replacing certain modules. The
complete SPI algorithm is composed of KL divergence
term and value function term. The combination of KL
divergence term and Q" function focuses on producing high
reward policies, while the combination of KL divergence
term and Q° function ensures the generation of policies
that satisfy safety constraints.

In this ablation study, we aim to address the following
research questions: 1) Do the individual modules within
the SPI algorithm function as intended and contribute their
expected outcomes? 2) What is the feasibility of addressing
the mixed problem using a single constraint, specifically
by focusing exclusively on the safety constraint while
disregarding the original data distribution during the
learning process?

CZ3 Cost

Normalized Cost

2.00 2.03

0.01
SPI cPQ

COptiDICE BEARL BCQL

Figure 5. Average cost of comparison experiments

On the basis of the results of the ablation study, as
summarized in Table 2, we analyze the findings as follows:

1. The results clearly demonstrate that the full SPI
algorithm outperforms the versions where certain modules
have been removed or replaced. The performance of the Q"
function and the Q¢ function confirms their effectiveness in
exploring and satisfying the safety constraint, respectively.
The discrepancies among the metrics observed across the
different variants indicate that, in most environments, the
regions with high rewards, low costs, and similarity to the

original data distribution do not completely overlap.

2. The stark difference in returns between the KL
divergence term + Q¢ and the SPI versions underscore
that relying on a single constraint cannot achieve the
same level of performance as that of the multi-constraint
approach. Solely guiding the algorithm toward safety
during training causes KL divergence term + Q° variant to
struggle in fitting the out-of-distribution action data during
the evaluation, leading it to converge to a local optimum.

Moreover, through a comprehensive analysis of the
performance of various ablation modules across 8§ tasks,
we find that SPI achieves more robust performance while
pursuing stably excellent high expected returns and low
costs. As shown in Figure 6 and Figure 7, the overall
performance of the SPI algorithm is superior to that of
its simplified versions, which suggests that when the
individual components of SPI work together, they are able
to navigate multiple objectives more effectively than the
reduced versions are able to.
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Figure 6. Average reward of ablation experiments
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Figure 7. Average cost of ablation experiments

5.3 Parameter Sensitivity

To address diverse policy needs, we leverage random
functions and conduct three sets of random sampling
experiments under the constraint that the sum of the three
hyperparameters must be 1. #, 1, and ¢ are used to regulate
the relationship between the KL divergence term and the
two value functions. The performance of SPI is shown in
Figure 8 and Figure 9. Regardless of whether the policy
is inclined towards more conservative or more aggressive
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configurations, our SPI algorithm is able to converge
quickly. This ability to adapt to different parameter settings
demonstrates the robustness and flexibility of the SPI
approach. By adjusting the balance between the constituent
objectives, the algorithm can cater to a wide range of
policy needs, from high-cost to low-cost scenarios.
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Figure 8. Average reward of random parameters
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Figure 9. Average cost of random parameters

6 Conclusion

We have proposed an algorithm to make safe policy
improvement via diffusion model for offline reinforcement
learning, named SPI. To capture the data distribution within
the offline dataset and generate safe policies, we integrate
a diffusion model into the offline reinforcement learning
framework. By guiding the diffusion process with two
value functions, we enable SPI to progressively approach
safe policies. Additionally, we remap the cost within the
dataset to evaluate policies to avoid cost-effectiveness
disappears, encouraging the policies to achieve high levels
of safety. The SPI nearly attains optimal performance in
individual metrics, including overall performance, SPI
markedly surpasses the baseline algorithms.

In future work, we aim to extend our algorithm to the
domain of real-time budget constraints, enabling dynamic
adjustment of constraint parameters in response to
feedback during deployment, while still satisfying safety
requirements.
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