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Offline Reinforcement Learning
for Adaptive Control in
Manufacturing Processes:
A Press Hardening Case Study
This paper explores the application of offline reinforcement learning in batch manufactur-
ing, with a specific focus on press hardening processes. Offline reinforcement learning pre-
sents a viable alternative to traditional control and reinforcement learning methods, which
often rely on impractical real-world interactions or complex simulations and iterative
adjustments to bridge the gap between simulated and real-world environments. We demon-
strate how offline reinforcement learning can improve control policies by leveraging exist-
ing data, thereby streamlining the training pipeline and reducing reliance on high-fidelity
simulators. Our study evaluates the impact of varying data exploration rates by creating five
datasets with exploration rates ranging from ε = 0 to ε = 0.8 . Using the conservative Q-
learning algorithm, we train and assess policies against both a dynamic baseline and a
static industry-standard policy. The results indicate that while offline reinforcement learn-
ing effectively refines behavior policies and enhances supervised learning methods, its
effectiveness is heavily dependent on the quality and exploratory nature of the initial beha-
vior policy. [DOI: 10.1115/1.4066999]

Keywords: artificial intelligence, machine learning for engineering applications,
manufacturing automation

1 Introduction
Controlling batchmanufacturing processes poses significant chal-

lenges in optimizing performance while minimizing costs [1].
Despite technological advancements, many industries still rely on
traditional control methods that use fixed parameters based on
empirical knowledge to maintain quality and meet operational con-
straints. These static approaches often fall short in dynamic
environments, where precise, real-time adjustments are crucial.
Additionally, fixed parameters are generally inadequate for handling

unforeseen events, unexpected scenarios, or system failures, leading
to suboptimal performance.
Cycle-by-cycle adaptive control strategies, which adjust parameters

in real-time, provide a promising approach by considering how each
cycle affects future operations. These methods aim to optimize short-
term performance while anticipating future impacts. They range from
simple rule-based approaches and dynamic programming, which
explore the state space thoroughly, to advanced artificial intelligence
techniques. For discrete or low-dimensional problems, advanced tech-
niques may not be necessary to achieve near-optimal control. However,
for continuous variables and high-dimensional spaces, sophisticated
algorithms are often required to manage the complexity effectively.
Despite their widespread use in dynamic industrial control, pro-

portional-integral-derivative (PID) controllers are reactive,
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addressing current errors without considering future states [2]. This
can result in suboptimal performance, especially in processes that
require foresight into future disturbances. Alternative methods,
such as metaheuristics [3] and model predictive control [4], use pre-
dictive models to optimize control actions over extended periods.
However, these methods often demand complex process models
and substantial computational resources, making them impractical
for real-time applications. The extensive computations and potential
model inaccuracies limit their effectiveness in scenarios requiring
precise long-term forecasting.
Reinforcement learning (RL) emerges as a dynamic control solu-

tion that not only addresses the multifaceted challenges encountered
across various industries—such as uncertainty, operational variabil-
ity, and high-dimensional problem spaces—but also reduces the
computational demands typical of other methodologies, thanks to
its pretraining on relevant data while effectively accounting for
future consequences. Unlike traditional supervised learning (SL)
paradigms, which treat data as independent, RL recognizes that
data dependencies are shaped by past interactions [5]. In RL,
current actions influence future states, so potential actions are eval-
uated based on their expected outcomes. This evaluation relies on a
utility or reward function, which guides the learning process by
quantifying the expected rewards for each action-state pair.
In the classical RL framework, an agent interacts with an

environment, gathering data through its actions and refining its
understanding through iterative trial and error [6]. Recent advance-
ments have demonstrated the effectiveness of online RL solutions in
various industrial applications [7–9]. However, real-world physical
environments impose significant constraints, such as safety consid-
erations and limited exploration opportunities, which are crucial for
preventing undesirable outcomes and mitigating negative conse-
quences. Additionally, the training speed is limited by the actual
physical time required, complicating the learning process. There-
fore, key challenges in applying RL to industrial systems include
accelerating the learning process and conducting exploration
within safety constraints [10].
To address these challenges and facilitate safe exploration of the

solution space, process simulators have become a prevalent strategy
in RL research [11–13]. These simulators range from established
software tools to data-driven surrogate models. However, even
well-calibrated simulation models inevitably introduce discrepan-
cies, leading to performance issues in RL models. This discrepancy,
known as the simulation-to-reality gap [14], remains a significant
challenge. Bridging this gap is crucial because simulators, while
fast and potentially accurate, may not fully capture the complexities
of real-world environments. Various calibration techniques have
been proposed to mitigate this issue, such as re-training RL
models in real-world settings [15–17]. However, these methods
are often resource-intensive, requiring precise simulators, extensive
RL training, and subsequent fine-tuning with real-world data.
To enhance sample efficiency and reduce the need for extensive

interactions with real-world environments, improve the perfor-
mance and generalization capabilities of data-driven models, and
accelerate the overall RL process, recent research has investigated
the integration of physics-informed principles and domain knowl-
edge into data-driven surrogate models [18,19].
In addition to physics-informed models, another promising

approach to overcoming the limitations of simulation-based training
and simplifying the training process is offline RL [20]. In offline
RL, a fixed dataset of experiences—comprising states, actions,
and rewards collected from prior interactions with the environ-
ment—is used for training. This dataset, obtained via a behavior
policy, eliminates the need for continuous interaction during the
training phase. For offline RL to surpass the behavior policy, the
dataset must be diverse and exploratory, covering a wide range of
states and actions to effectively capture the potential rewards of dif-
ferent actions [21]. Although recent studies have explored offline
RL applications in industrial and manufacturing contexts [22–25],
the field is still in its early stages and holds substantial potential
for further development.

This paper explores the feasibility of using offline RL to stream-
line the training process for control models, aiming to simplify tra-
ditional methods by requiring only a single training phase. Unlike
SL, which replicates behavior policies, offline RL refines these pol-
icies based on reward signals. This study evaluates the performance
of offline RL with datasets generated from various behavior policies
to assess whether it offers a more efficient and practical alternative
to conventional RL approaches and to identify the conditions nec-
essary for its successful implementation. Specifically, we investi-
gate the application of offline RL in a press hardening case study
to achieve adaptive control in a dynamic and stochastic batch man-
ufacturing process. The contributions of this paper are as follows:

(1) Demonstration of adaptive control in a dynamic and stochas-
tic batch manufacturing process using offline RL, with
improvements compared to an SL approach.

(2) Comparison and analysis of the dataset requirements, speci-
fically the behavior policy used for data collection, necessary
for successful offline RL training.

While our research illustrates these concepts through a case study
in the press hardening industry, our primary aim is to analyze the
broader potential of RL. Our approach is designed to scale effec-
tively, handling complex state and action spaces to address challeng-
ing objectives across various real-world manufacturing scenarios.
The paper is structured as follows: Sec. 2 reviews offline RL, con-
trasting it with online RL and detailing key algorithms. Section 3
describes the case study used for analysis. Section 4 covers the meth-
odology, including behavior policies and the offline RL algorithm.
Section 5 presents the benchmarking results. Section 6 concludes
with a summary of findings and recommendations for future research.

2 Offline Reinforcement Learning
An RL problem is formalized as a Markov decision process

defined by a tuple of 5 [6]: a set of states and actions (S, A), a
state transition probability distribution P :S ×A × S � [0, 1],
which defines the probability of transitioning from one state to
another given an action, a reward function r :S ×A � R, which
assigns a scalar reward to each state-action pair, and a discount
factor γ ∈ [0, 1], which balances the importance of immediate
rewards versus future rewards. The agent’s ultimate goal is to
learn a function, called policy π, that maps states to actions, maxi-
mizing the expected cumulative future reward.
An RL model can learn from scratch without any specific initial

knowledge of the domain or predefined logic defining any initial
policy. However, it is crucial to define the action space, which
refers to the set of possible actions the agent can take; the state
space, which comprises the environmental variables necessary for
decision-making, and the reward function, which guides the RL
agent during its learning process. Value functions and Q-functions
are functions that provide estimates of the expected cumulative
future reward associated with being in a state st or taking an action
at from a given state st . In this learning paradigm, complex modeling
isn’t required; instead, the RL agent learns through trial and error,
interacting with its environment to understand the consequences of
its actions. The environment can be accessible (either physically or
through some digital representation) or have limited information.
Offline RL learns by utilizing a fixed dataset containing states,

actions, and rewards. This dataset is collected prior to training and
is limited in scope. The difference between the distribution of data
collected before training and the distribution of states and actions
learned from this data is known as the distribution shift [26]. A sig-
nificant challenge in offline RL occurs when the training dataset
lacks transitions that highlight regions of high reward. In such
cases, identifying these rewarding regions becomes exceedingly dif-
ficult. Additionally, if the agent erroneously assumes that certain
regions should yield high rewards (overestimation) without this infor-
mation being supported by the data, correcting this misconception
becomes a complex task. In contrast, online RL involves continuous
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interaction with the real environment, allowing erroneous beliefs to
be corrected during the learning process. The schemes for both
online and offline RL are illustrated in Fig. 1.
Several types of algorithms have been proposed to address the

challenges of distribution shift and overestimation in offline RL.
These algorithms are designed to limit visits to out-of-distribution
(OOD) states or penalize such visits, introducing a certain degree
of uncertainty or regularization terms when dealing with states
that deviate significantly from the distribution of the predefined
dataset. There are various types of algorithms based on the
method used to address the distribution shift problem [21]: some
focus on constraining the policy from deviating too far from the
behavior policy, others introduce uncertainty into the Q-functions
or reward function, some incorporate regularizers into the value
function, and there are those that restrict training to the data pro-
vided in the dataset.
We present a taxonomy of offline RL methods classified based on

whether they learn a model of the environment (model-based
methods) or learn directly from data (model-free methods). Further-
more, within each of these types of methods, we have categorized
algorithms based on the type of mechanism they employ to
address the issues of distribution shift and overestimation. The sim-
plified taxonomy is presented in Fig. 2. Detailed explanations of
these methods are provided in the Appendix.

3 Use Case Description
To demonstrate the practical application and benefits of offline

RL in manufacturing environments, we deploy it within the indus-
trial press hardening process. The press hardening process is a metal
forming technique employed in the manufacturing of lightweight
parts with intricate shapes, offering superior mechanical properties,

sustainability, and impact protection. This method involves the
simultaneous shaping and transformation of metallurgical features
of a metal sheet. Initially possessing poor mechanical characteris-
tics, the sheet undergoes phase changes when heated to high tem-
peratures (austenitization temperature), allowing it to be formed
into complex shapes and then quenched to obtain improved
mechanical properties [27]. During forming, the heated sheet,
which initially has low strength, is pressed into the desired shape,
while quenching involves rapid cooling to transform the sheet
into strong and stable martensite [28].
Our study primarily focuses on controlling a batch press hardening

manufacturing process. This process involves adjusting the produc-
tion time for each part in the batch based on the initial temperature
of the metal sheet after heating and the temperature of the die.
In this manufacturing scenario, sheets undergo a controlled

process starting with insertion into a furnace for the crucial heating
phase. Furnace temperatures are precisely maintained between
900◦C and 930◦C to ensure thorough austenitization, a fundamental
step for subsequent processing stages. Upon heating, sheets are care-
fully transferred to a hydraulic press die, during which variable
cooling introduces temperature fluctuations ranging from 680◦C to
880◦C upon arrival at the die.
At the press die, sheets undergo simultaneous forming and

quenching operations aimed at achieving precise shaping and met-
allurgical transformations. This process simplifies operations by
eliminating plastic deformation and friction.
The success of each cycle is evaluated based on the final part’s

temperature immediately after forming, with an efficiency bench-
mark set at 160◦C to ensure effective heat exchange. The flat geom-
etry of the part used in our study justifies our focus on evaluating
temperature at a single point. Furthermore, acquiring temperature
distribution in real-world manufacturing environments typically
requires expensive tools such as thermographic cameras. Real-

Fig. 1 Schematic representation of online and offline reinforcement learning methodologies: (a) online reinforcement learning
scheme and (b) offline reinforcement learning scheme

Fig. 2 Taxonomy of offline RL methods
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world processes often monitor only a few key points, and in our
case, we utilized data from a specific sensing point in the actual
pilot plant used to define our case study [29]. Ultimately, the
ability to assess quality using a single variable depends on the com-
plexity of the simulation model and the feasibility of acquiring com-
prehensive system data in the plant. Ideally, the martensite fraction
should determine the quality of the hot stamping process, but this
metric closely correlates with the cooling rate [30]. Temperature
serves as a reliable indicator that the desired cooling rate has been
achieved, closely approaching a martensite fraction of nearly 1,
and is readily measurable in real-time scenarios.
Following forming, the die opens to extract the formed part, sig-

naling the end of the cycle. The die then enters a cooling phase
where water cooling channels dissipate heat from the die surface
to prepare for subsequent cycles. The initial die temperature, ini-
tially set between 14.5◦C and 23.5◦C, adjusts during batch execu-
tion and typically peaks at 150◦C in this operational setup.
Throughout the process, sheets are processed sequentially until

the entire batch is completed. The manufacturing process con-
sidered in this study, along with the ranges of the variables under
consideration, is depicted in Fig. 3. In the figure the part is
shown at various temperature stages: the initial temperature
before entering the furnace (not measured), the sheet temperature
after heating, the temperature during the forming and quenching
phase while the sheet is in the die (where it decreases), and the
final part temperature, which must be below 160◦C.
Our objective is to optimize the production time for each individ-

ual part, referred to as a cycle, to enhance the overall efficiency of
the batch. However, this goal involves addressing two inherently
opposing objectives:

(1) Minimizing the total production time: This involves opti-
mizing the individual cycle times during batch production,
where multiple parts are produced sequentially. We dynami-
cally adjust two key parameters: the closed die time, during
which heat exchange between the sheet and the die shapes
the part and determines its final temperature, and the
resting die time, when the die cools down for the subsequent
cycle.

(2) Minimizing the ratio of defective parts: This aims to
reduce the number of faulty parts produced during batch pro-
duction. To minimize the defect rate in batch production, it is
crucial to ensure the production of satisfactory parts. Main-
taining the cooling rate above acceptable thresholds estab-
lishes a direct correlation between the hardness of the

components and their final temperature [29]. Consequently,
a part is deemed defective if the temperature exceeds a spec-
ified threshold after the forming and quenching step.

To achieve our objectives, we establish two key control variables:
forming (or closing) time and cooling (or resting) time. We explore
different values for forming time (5, 10, and 15 s) and cooling time
(5, 10, and 15 s) to assess their respective impacts. The combination
of these control variables defines the actions within the action space
of the control problem.
The state space is characterized by the initial temperatures of both

the sheet and die for each cycle. Each state transition within the
problem formulation represents a cycle across the entire batch.
The initial sheet temperature is influenced by stochastic factors
and is not directly controllable. The initial die temperature for
each new cycle is determined by the preceding cycle and the
chosen cooling time for the die, ranging between 14.5◦C and
150◦C. At the beginning of the batch production, the die tempera-
ture is low, but it rapidly increases with the initial cycles.
The reward function generates a scalar signal after each cycle and

consists of two penalties. The first penalty is associated with
the selection of the cycle time, determined by the sum of the
forming and cooling times. Its magnitude ranges from −30 to
−10, depending on the combination of the three defined forming
times and the three available cooling times. The second penalty,
set at −10, 000, is imposed only if the part’s temperature exceeds
a defined threshold of 160◦C, indicating the production of a defec-
tive part. Mathematically, the reward function r(st , at) is formulated
as shown in Eq. (1)

r(st , at) = −Ft − Ct − 10,000 · ΔT(st , at) (1)

where

• Ft denotes the forming time associated with the action at in
state st .

• Ct represents the cooling time associated with the action at in
state st .

• ΔT(st , at) is an indicator function, defined as follows in
Eq. (2):

ΔT(st , at) =
1 if Tp > 160◦C
0 otherwise

{
(2)

where Tp is the final temperature of the part after the cycle.
Table 1 outlines the action space, state space, and reward function

specified for the control problem addressed in this study. Addition-
ally, the discount factor (γ) is set to 0.99.

Fig. 3 Diagram illustrating the manufacturing press hardening process, depicting defined
parameters from the case study: sheet and die temperature ranges, forming and cooling
time ranges, and quality threshold

Table 1 Summary of action space, state space, and reward function

Component Description Values

Action Discrete cycle time adjustments (s) {−5, −10, −15} × {−5, −10, −15}
State Initial sheet and die temperatures (◦C) [680, 880] × [14.5, 150]
Reward Time optimization and quality assessment {−10, −15, −20, −25, −30} × {0, −10, 000}
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4 Methodology
This study describes a methodology for generating behavior pol-

icies and applying an offline RL algorithm. Due to the limitations of
accessing a real industrial plant, we utilized a simulator specifically
designed for batch production in press hardening to conduct our
analysis. This simulator closely mimics real-world conditions,
enabling data collection across different policies and the subsequent
validation of the trained agents. Importantly, while the simulator is
used here to test the RL methodology, our approach is intended for
real-world application without reliance on simulators for decision-
making.
The simulator employs two surrogate models, as described in

Ref. [31], to predict die and part temperatures after each cycle.
The die temperature is incorporated into the state for the next
cycle, while the part temperature is used to evaluate the part
quality and detect defects. These models have been experimentally
validated at the STaMP pilot plant at Eurecat Manresa [32]. Initial
sheet temperatures are modeled using a uniform distribution
ranging from 680◦C to 880◦C, covering a wide range of potential
conditions. In practical applications, explicit modeling of the
initial sheet temperature is unnecessary, as it would naturally be
influenced by the stochastic nature of the environment.

4.1 Behavior Policies for Data Collection. To establish a
dynamic expert policy as a baseline for learning, we initially
trained an online RL approach using the deep Q-learning (DQN)
algorithm [33]. DQN enhances the classical Q-learning algorithm
[34] by utilizing artificial neural networks to approximate the
Q-value function, thus effectively handling large state-action
spaces more efficiently than traditional tabular methods. For this
study, we employed the DQN implementation from the Stable
Baselines3 library [35] in PYTHON. The parameters included a learn-
ing rate of 0.0003, a total of 2,000,000 interactions with the envi-
ronment, a batch size of 64, and a neural network architecture
consisting of two hidden layers, each with 64 units.
The exploration–exploitation tradeoff was managed using an

epsilon-greedy decay strategy. Initially, the exploration rate (ε)
was set to 1.0, indicating a high probability of taking random
actions. This rate gradually decayed to a final value of 0.02 over
the first 50% of the training duration. The soft update coefficient
(τ) of 0.2 governed the rate at which the target network’s parameters
were updated toward the main network’s parameters.
Figure 4 shows the progression of accumulated rewards over an

episode during the training process, highlighting the trend of increas-
ing and converging reward values. This accumulated reward over an
episode is also referred to as the return. Evaluations were conducted at
intervals of 100,000 interaction steps with the environment. Each data
point represents the average return obtained from 100 episodes, with
each episode consisting of a batch of 15 parts.
This dynamic expert policy served as a baseline for data collec-

tion for the offline RL training. The goal was not to achieve an

optimal solution but to create a policy with room for improvement,
allowing offline RL algorithms to refine it further. Consequently,
efforts to optimize the policy were limited. Alternatively, predefined
rules or domain-specific knowledge could also be utilized for this
task. To explore the impact of different levels of exploration on
offline RL performance, controlled randomness was systematically
introduced into this dynamic policy. Starting with a robust policy,
noise was added to simulate more exploratory behaviors. The ran-
domness was quantified using an ε parameter, which determined
the probability of selecting a random action instead of following
the expert policy. Five behavior policies were defined with ε
values of 0, 0.2, 0.4, 0.6, and 0.8. An ε = 0 indicated full exploita-
tion with no exploration, assuming no physical or safety constraints
in a real environment due to the initial policy’s validation. Higher ε
values introduced greater exploration, potentially leading to feasi-
bility issues, with maximum randomness at 80% exploration and
20% exploitation.
A dataset was generated for each of the five behavior policies,

which were then used to train offline RL policies. These trained pol-
icies, along with a dynamic expert policy, were compared against a
static policy that used fixed timings regardless of environmental
conditions, representing standard industry practice. The static
policy was unsuitable as a behavior policy due to its lack of neces-
sary exploration for effective offline RL training. However, it was
used as an industry baseline to highlight the significant improve-
ment of dynamic policies.
Figure 5 illustrates the pipeline for dataset collection and the

evaluation of the offline RL approach. This framework aims to iden-
tify the most effective strategies. To capture a diverse range of
actions and thoroughly explore the state space, controlled interven-
tions in the manufacturing process are essential for data collection.
Each policy is associated with a specific ε value, and all datasets are
uniformly sized at 20,000 transitions. It is important to note that this
study does not directly compare online and offline RL. However,
the dynamic expert policy is trained using 2,000,000 interactions,
whereas the offline RL models are trained on datasets of 20,000
transitions, which represents only 1% of the data collected for
online training.

4.2 Offline Reinforcement Learning Algorithm. The algo-
rithm employed for offline RL analysis in the press hardening
case study is conservative Q-learning (CQL) [36]. The selection
of CQL was driven by its demonstrated effectiveness in addressing
overestimation biases in Q-value predictions, as well as its success-
ful application across various domains [37,38]. CQL is particularly
advantageous due to its versatility; it offers implementations for
both continuous action spaces using actor-critic methods and dis-
crete action spaces through Q-learning. This flexibility allows
CQL to be effectively scaled and adapted to a wide range of
problem formulations, enhancing its utility in diverse scenarios.
CQL utilizes a data buffer D containing past transitions

(s, a, r, s′). Training is conducted over multiple iterations. In each

Fig. 4 Progression of returns during online training, evaluated every 100,000 interaction
steps with the environment
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iteration, a sample is drawn from the buffer to update theQ-function
using the gradient of the loss function. Despite using only historical
data from the buffer, CQL indirectly learns about actions that are
not present in the data by exploring the action space during training.
This is achieved by regularizing the Q-function to minimize overes-
timation of values for unseen actions, employing a penalty based on
KL-divergence and a conservative estimation against the reference
behavior policy. Consequently, the algorithm gradually adjusts its
Q-value estimation to accommodate actions that may arise in
future environments, thereby enhancing its ability to generalize
beyond the specific data stored in the buffer.
Fine-tuning the compensation factor α is critical for achieving a

balance between the regularization imposed by the conservative
penalty and the optimization of the Bellman error. Importantly,
CQL can be implemented both as an actor-critic algorithm and as
a Q-learning method. In the actor-critic paradigm, training involves
updating both the policy and the Q-function, whereas in the
Q-learning setting, only the Q-function undergoes training.
We selected the d3RLpy library for offline RL training for several

reasons. It provides robust implementations of both discrete and
continuous CQL, which contributes to its versatility. Designed spe-
cifically for offline reinforcement learning, d3RLpy encompasses a
comprehensive range of algorithms and is supported by extensive
documentation, detailed tutorials, and practical examples that
greatly enhance both understanding and usability. Moreover, the
library benefits from ongoing development, as demonstrated by
recent updates and a growing user community. The discrete CQL
implementation in d3RLpy adheres to the loss function outlined
in Eq. (3), incorporating the loss from a DoubleDQN-based RL
algorithm [39]. It is important to note that the original CQL paper

[36] referenced the DQN algorithm [33].

LCQL(θ) = αEs∼D log
∑
a′

exp (Qθ(s, a′)) − Ea∼D[Qθ(s, a)]

[ ]

+ LDoubleDQN(θ) (3)

The hyperparameters for CQL training were optimized through
iterative experimentation. We set the batch size to 32, the learning
rate to 0.0001, and the target network update interval to 200 itera-
tions to ensure stable learning. The regularization parameter,
alpha, was configured to two to effectively balance the conservative
loss with the standard Q-learning loss. The training process was
conducted over a total of 600,000 iterations (Q-values updates).
These hyperparameter settings were uniformly applied across all
CQL training runs for different datasets generated from the behavior
policies previously described.
Although direct interactions with the environment are not possi-

ble during offline training, evaluations have been performed to
assess progress throughout the training process. Figure 6 illustrates
the progression of returns across evaluations conducted every 1000
training iterations for each offline policy, each of which was trained
with a distinct dataset. Each data point represents the average return
calculated from 100 episodes, with each episode consisting of a
batch 15 parts. The return trajectories are smoothed in the figure
to improve clarity and facilitate trend analysis.
The graph reveals that offline policy 1 (P1) shows a steady

increase in returns and eventually converges over the training
period. In contrast, offline policies 2 (P2) and 3 (P3), which incor-
porate greater exploration within the datasets, converge more

Fig. 5 Pipeline illustrating the methodology for implementing offline RL in batch press hard-
ening production. This figure details the process of collecting datasets using various explor-
atory behavior policies and outlines the connection between each dataset and the
corresponding trained offline RL policy. For example, “Offline P1” refers to offline policy 1,
trained with dataset 1 collected using behavior policy 1, and so forth.

Fig. 6 Progression of returns during the training of multiple offline policies, with evaluations conducted every 1000 iterations
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rapidly. However, the return curves for offline policies 4 (P4) and 5
(P5) deviate from the expected behavior, indicating less stable train-
ing and failing to reach the return levels achieved by the other pol-
icies. This instability is attributed to the more exploratory and
random nature of the datasets used for these policies, which compli-
cates the learning process in offline RL.

5 Results
This section provides a detailed analysis of offline RL policies,

evaluating their performance relative to two baseline approaches:
the dynamic expert policy and the static policy, which represents
standard industry practice. The comparison with the static policy
serves primarily to highlight the substantial improvements offered
by dynamic solutions. The analysis is structured around two main
objectives:

(1) First, to determine whether offline RL can advance data-
driven policies beyond the capabilities of traditional super-
vised learning. This is achieved by comparing P1—trained
on a dataset derived from behavior policy 1 (BP1) without
additional exploration—with its corresponding behavior
policy, which serves as the dynamic baseline. The objective
of an SL approach is to replicate the performance metrics of
the dynamic baseline, effectively matching its results. In con-
trast, the goal of RL is to surpass the performance metrics of
the dynamic baseline.

(2) Second, to investigate the impact of data exploration on
learning effectiveness. This involves assessing the perfor-
mance of various offline policies (from P1 to P5), each
trained with different levels of exploration, and identifying
the optimal level of exploration required for effective
offline RL training.

The performance of each policy was assessed through 50 ran-
domly generated tests, with initial sheet temperatures uniformly
distributed between 680◦C and 880◦C, simulating batches of 50
parts. In some tests, random perturbations introduced extreme tem-
peratures (680◦C or 880◦C) by varying the sequence of sheet
temperatures.

5.1 Performance Benchmarking Analysis. The performance
analysis and benchmarking of policies center on two key metrics:
total cycle time and the number of defective parts. Table 2 provides
a summary of the numerical results, comparing each policy against
the static baseline. This comparison is quantified as the percentage
improvement over the static approach in both cycle time and
reward. The reward metric is computed by aggregating total times
and rewards across all evaluated episodes, where the reward func-
tion integrates both objectives–minimizing cycle time and reducing
defect rates. To determine the most effective policy, we focus on the
“% Reward Improvement” column, which reflects enhancements in
batch processing efficiency while accounting for penalties related to
defects.
Analysis of the reward metrics reveals that all offline RL policies

outperform the dynamic policy, which incurs a negative percentage
improvement due to penalties for defective parts. This highlights
the effectiveness of offline RL in enhancing behavior policies.

Improvements in cycle times for offline policies compared to the
dynamic policy are modest. Specifically, P5 does not match the per-
formance of the dynamic policy, while P1 shows improvements in
both cycle time and the number of non-defective parts. Figure 7
illustrates the impact of varying exploration levels on the accumu-
lated batch production times across the 50 tests in our offline policy
training case study. The plot compares the performance of offline
policies against static and dynamic baselines, excluding defective
parts. The x-axis displays ε values ranging from 0 to 0.8, while
the y-axis represents the total accumulated time in seconds. The
cycle times for the offline policies are depicted by a solid line
marked with points. The lower dashed line indicates the accumu-
lated batch production time for the dynamic policy, while the
upper dashed line represents the accumulated batch production
time for the static policy.
The plot reveals that precise exploration of the data is crucial for

the effectiveness of offline RL agents. While some offline policies
outperform the dynamic policy, others, particularly P5, result in
longer cycle times, indicating less effective performance. Adequate
exploration, as demonstrated by P2 and P3, enhances the algo-
rithm’s ability to refine both the initial policy and P1. However,
excessive exploration can degrade performance, as observed with
P5. Based on these results, we draw the following key insights:

(1) Improvement through offline training: Training with col-
lected data can enhance the behavior policy, leading to better
results than SL alone, as demonstrated by P1.

(2) Impact of data exploration: Moderate exploration during
data collection (with ε values between 0.2 and 0.4), when
feasible in a real-world environment, can improve learning
by more effectively covering the state space, as seen with
P2 and P3 compared to P1.

(3) Risks of excessive exploration: Excessive exploration
destabilizes learning, as shown in Fig. 6, and can degrade
solution quality, resulting in worse performance than SL,
as observed with P5.

This study establishes offline RL as a viable alternative to online
RL for enforcing safety constraints, expediting learning, and
enhancing supervised learning methodologies. Nonetheless, it is
important to recognize that safety risks are not completely mitigated
during the deployment phase of models trained using offline RL.

Fig. 7 Accumulated time for different ε values in offline policies

Table 2 Performance comparison of policies relative to the fixed-cycle time baseline

Policy Cycle time (s) % Time improvement Defective parts Reward % Reward improvement

Static 75,000 — 0 −75,000 —
Dynamic 68,090 9.21% 2 −88,090 −17.45%
Offline P1 67,800 9.6% 0 −67,800 9.6%
Offline P2 67,690 9.75% 0 −67,690 9.75%
Offline P3 67,495 10.01% 0 −67,495 10.01%
Offline P4 68,045 9.27% 0 −68,045 9.27%
Offline P5 72,735 3.02% 0 −72,735 3.02%
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Therefore, validation of models prior to deployment, along with rig-
orous, controlled testing during deployment, is essential to ensure
robust and reliable performance.
Furthermore, our analysis suggests that achieving significant per-

formance improvements with offline RL requires a sufficiently
robust behavior policy and a substantial amount of exploratory
data. More research should focus on identifying which offline RL
algorithms are most effective for various problem domains and
exploring the impact of different neural network architectures and
hyperparameters that were not covered in this study. It is also
important to clarify that this study examines the application of
offline RL using data collected from a policy trained via online
RL. It does not provide a direct comparative analysis of online
versus offline RL performance but rather demonstrates offline RL
as a viable and effective alternative.

5.2 Policy Comparisons in Specific Scenarios. We present a
detailed graphical analysis of two scenarios to evaluate the learned
dynamic policies. These scenarios were selected to compare:
(i) cases where offline RL outperforms the dynamic policy in
terms of time, and (ii) cases where the time difference is minimal,
but offline RL successfully completes all satisfactory parts,
whereas the dynamic policy fails to complete one, thereby excelling
in the quality objective. The scenarios are illustrated in Figs. 8 and
9. These figures compare key execution variables across three pol-
icies: the static baseline, the dynamic baseline, and P3. P3 was
trained with a dataset at an ε value of 0.4 and demonstrated superior
performance in previous benchmarking.
Each figure contains six plots illustrating the performance of dif-

ferent policies over a batch of 50 parts. The first three plots focus on
temperature variables: the initial sheet temperature (as defined by
each test episode), the variation in die temperature throughout the
batch (affected by the policies’ actions and initial sheet tempera-
tures), and the final part temperature (which must remain below
160◦C to ensure quality).
The figures reveal that, in both scenarios, the die temperature and

final part temperature for dynamic policies are higher than those for
the static policy. This is because the dynamic policies reduce cycle
times, impacting these temperature variables. In Fig. 9, where initial
sheet temperatures show more extreme variations, the dynamic

baseline policy results in one part exceeding the maximum allow-
able temperature, an issue that P3 effectively avoids.
The remaining three plots address time-related variables: closing

time and opening time, which are key process parameters, and the
total cycle time, which combines both closing and opening times.
This final plot highlights significant differences between the
dynamic policies and the static baseline. However, the distinction
in total cycle time between the baseline dynamic policy and P3 is
relatively minor.
A critical aspect of the analysis is the behavior of the learned

actions. To ensure that the final part temperature remains below
the required 160◦C, sufficient time must be allocated for the
closing phase, resulting in a relatively consistent closing time
across all policies. In contrast, the opening time exhibits greater var-
iability, which is closely linked to the die temperature. This variabil-
ity is necessary to provide an adequate rest period for the die,
ensuring the smooth continuation of the batch process while also
contributing to cycle time reduction.
Figure 8 reveals significant variability in opening times among the

dynamic policies, with P3 achieving a lower total accumulated cycle
time compared to the dynamic baseline. Figure 9 shows that, while
the total accumulated times for both the dynamic baseline policy
and P3 converge, P3 consistently avoids defective parts. This indi-
cates a notable improvement in quality control. Although the gains
from the offline RL approach are modest, the performance of P3 high-
lights its potential for refining data-driven strategies.

6 Conclusions
In this paper, we evaluate the application of offline RL in batch

manufacturing, particularly in press hardening processes. Online
RL methods are often impractical in such contexts due to safety
constraints and physical limitations. Traditional RL approaches
rely on virtual simulations, which require creating detailed simula-
tion models, training RL agents against these models, and calibrat-
ing to bridge the simulation-to-reality gap. In contrast, supervised
learning only replicates the behavior policy without improvements.
We propose that offline RL presents a significant advantage by

leveraging existing data to refine and enhance the policy. This

Fig. 8 Comparison of static and dynamic baseline policies with P3 (ε= 0.4) in example scenario 1. Subplots show initial sheet
temperature, die temperature, final part temperature, closing time, opening time, and total cycle time.

Fig. 9 Comparison of static and dynamic baseline policies with P3 (ε= 0.4) in example scenario 2. Subplots show initial sheet
temperature, die temperature, final part temperature, closing time, opening time, and total cycle time.
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approach simplifies the RL pipeline for physical environments,
eliminating the need for complex simulation models and iterative
calibrations. Therefore, offline RL offers a more practical and
effective solution for improving control policies in real-world
applications.
Our study highlights the critical tradeoff between exploration

during data collection and the physical constraints of the system.
Achieving an optimal balance between exploration and safety is
essential for maximizing the effectiveness of offline RL. We gener-
ated five datasets, each containing 20,000 interactions from a sim-
ulated environment using a DQN-trained agent. These datasets
varied in exploration rates, from ε = 0 to ε = 0.8. It is important
to note that the simulation environment was used solely for
data generation, simulating what would otherwise be obtained
from a real-world setting. We applied the CQL algorithm to train
policies on each dataset and compared their performance with the
initial dynamic policy and a static policy representing industry
standards.
Our findings indicate that offline training has the potential to

effectively improve the behavior policy. However, the quality of
the learned policy heavily depends on the quality of the behavior
policy used for data collection. The most effective policies in our
study were achieved with datasets featuring exploration rates
between 20% and 40%.
Looking ahead, offline RL shows significant potential for a wide

range of applications. While our study focuses on the press harden-
ing industry, we believe that offline RL has broader applicability in
physical environments. Future research should investigate its effec-
tiveness and scalability across various manufacturing processes to
establish its general applicability and robustness.
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Appendix: Detailed Explanation of Offline
Reinforcement Learning methods
In this appendix, we present an introduction and brief description

of the different types of offline RL methods, focusing on the most
relevant methods in each category as outlined in the taxonomy
described in Fig. 2. We also survey the main libraries that imple-
ment these methods, providing a preliminary guide on the available
methods and relevant libraries.

Policy Constraint Methods. Policy constraint methods take a
conservative approach, imposing limitations on the learned policy
through an added penalty to the standard objective. These
methods can be classified into two main types: distribution con-
straint and support constraint methods [21]. Distribution constraint
methods enforce alignment with the behavior policy by constrain-
ing its distribution to exhibit a similar density, controlling diver-
gence. Alternatively, support constraint methods restrict the
learned policy to the subset of actions highly likely in the behavior

policy, regardless of density. These methods emphasize specific
actions by assigning them greater weight.
Distribution constraint methods include the behavior regularized

actor critic (BRAC) [40], batch-constrained Q-learning (BCQ) [41],
advantage-weighted regression [42], and advantage weighted actor
critic [43]. For instance, the BCQ algorithm was employed for an
energy management system in connected power-split hybrid electric
vehicles to enhance energy efficiency and adaptability under
complex driving conditions, outperforming a deep deterministic
policy gradient (DDPG) algorithm. Examples of support constraint
methods are the bootstrapping error accumulation reduction
(BEAR) [26], the safe policy improvement with baseline bootstrap-
ping [44], and the twin delayed DDPG with behavioral cloning [45]
algorithms.
Policy constraint methods typically require an estimation of the

behavior policy, which is often challenging and tends to result in
excessively conservative approaches [21]. In contrast, methods
involving uncertainty, incorporating regularization in the value
function, or restricting training to collected data do not necessitate
estimating the behavior policy.

Uncertainty Methods. To minimize errors, acquiring data
across the entire state space remains pivotal. However, scenarios
featuring high-risk attributes can pose challenges for safe testing
in real-world environments, often resulting in a scarcity of data
related to these extreme scenarios within the training dataset. In
such instances, using more conservative Q-functions and/or
reward functions may be necessary. These functions serve to penal-
ize states where the agent demonstrates heightened uncertainty
while exploring these regions. Yet, accurately estimating this uncer-
tainty presents a challenge.
In model-free RL, uncertainty methods aim to gauge the uncer-

tainty surrounding potential Q-functions derived from collected
data, particularly for actions lying outside the distribution. Notewor-
thy examples encompass the random ensemble mixture [46] and
stable Q-learning (SQL) [25] methodologies. Notably, the SQL
approach, which relies on ensemble Q functions, was found to be
applicable in a manufacturing setting for flatness control in the
strip rolling industry, leveraging data gleaned from an operational
steel mill.
A prevalent strategy in model-based offline RL involves leverag-

ing ensemble model disagreement to estimate uncertainty. This
methodology consists of training multiple simulation models and
contrasting their predictions. When these predictions align, they
are deemed more dependable and less uncertain compared to con-
flicting forecasts. Consequently, a penalty-based on the variance
among the predictions of the different models, which quantifies
the dispersion of these predictions from their mean—is integrated
into the reward function during the RL agent’s exploratory phase.
However, determining the appropriate penalty level can pose a chal-
lenge, potentially leading to inadvertent penalization of accurate
predictions and fostering an overly conservative stance that stifles
exploration. Exemplars of such algorithms featuring conservative
reward functions include model-based offline reinforcement learn-
ing (MOReL) [47] and model-based offline policy optimization
(MOPO) [48].
The algorithm model-based Offline RL with restrictive explora-

tion (MORE), introduced by Zhan et al. [22], employs a restrictive
exploration scheme that considers both the reliability of predic-
tions and the potential for OOD samples. This algorithm was spe-
cifically developed to optimize combustion in thermal
power-generating units. Initially, a simulator was trained using
historical data, and this simulator was then used to train the
MORE agent. The effectiveness of the MORE agent was evalu-
ated in real-world settings and validated using the D4RL bench-
marks, covering three locomotion tasks and two types of
datasets derived from partially trained Soft Actor-Critic (SAC)
policies. Across these benchmarks, MORE demonstrated superior
performance compared to behavior cloning (BC), BEAR, BRAC,
BCQ, model-based policy optimization [49], and MOPO.
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Notably, the MORE model was successfully deployed in four
large coal-fired power plants in China.

Value Function Regularization Methods. Value function reg-
ularization methods offer effective mitigation of overestimation in
OOD scenarios. Conservative Q-learning (CQL) [36], which
employs a conservative evaluation strategy to estimate Q-values.
This is achieved by incorporating a penalty into the loss function,
grounded on the disparity between the behavior and target policies,
with the aim of alleviating overestimation.
Another approach in this domain is conservative offline model-

based policy optimization (COMBO) [50]. Unlike some model-
based methods relying on multiple models, COMBO relies on a
single model. In COMBO, the reward function remains unaltered,
with emphasis placed on a conservative evaluation of the
Q-values to optimize a lower bound on expected performance. A
penalty is introduced to diminish the Q-values when evaluated in
situations deemed less reliable or less akin to the training data.
The policy is then updated using this conservative estimate of
Q. Both the original offline data and the data generated by the simu-
lation model are leveraged for training purposes.

Limit Training on Collected Data Methods. Methods that
restrict training to collected data are designed to circumvent
queries about unseen actions in the collected data. These methods
effectively address the problem of overestimation prevalent in pre-
vious algorithms. However, they introduce a challenge related to
underestimation. Implicit Q-learning [51] overcomes this issue by
incorporating expected loss, where negative errors receive a distinct
coefficient compared to positive errors, thus imposing a heavier
penalty on negative errors.
Recent advancements in leveraging transformers for modeling

trajectories have facilitated the capture of intricate dependencies
within offline data. In the model-free domain, the decision trans-
former (DT) [52] analyzes trajectories composed of sequences of
actions and rewards-to-go. Here, rewards-to-go encompass all
future rewards within the trajectory at each time-step. Conse-
quently, instead of selecting actions to maximize cumulative
future rewards, the model selects actions conditioned on the
desired cumulative future reward. Notably, DT demonstrates com-
mendable performance compared to other state-of-the-art offline RL
algorithms, particularly excelling in environments with sparse
rewards. Wang et al. [23] applied the DT algorithm to address
cloud manufacturing scheduling challenges outperforming several
baseline methods, including online Deep Reinforcement Learning
(DRL) algorithms and priority dispatching rules, across various sce-
narios, showcasing its efficacy in real-world applications.

Offline Reinforcement Learning Frameworks. There are
numerous libraries dedicated to implementing RL algorithms for
PYTHON. Some exclusively focus on online RL algorithms, including
Stable Baselines3 [35], TensorForce [53], ReAgent [54], Mush-
roomRL [55], RL_Coach [56], and CleanRL [57]. Conversely, there
are libraries that cover both online and offline RL algorithms, such

as Tianshou2 [58], TorchRL3 [59], RLlib4 [60], and Pearl5 [61]. Addi-
tionally, specific libraries cater exclusively to offline RL, notable
among them being d3RLpy6 [62], CORL7 [63], and OfflineRL-Kit8

[64]. Table 3 compares libraries implementing offline RL algorithms
and those actively maintained with recent and continuous updates.
We assess the documentation quality and the availability of

tutorials and examples in each library with the goal of enhancing
user accessibility and comprehension. “Complete” (Comp.) indi-
cates comprehensive documentation and examples, “Sufficient”
(Suff.) denotes an adequate level of documentation, and “Limited”
(Lim.) signifies a constrained amount of tutorials or examples. The
table provides information on the backend framework used by
each library, which is either TensorFlow (TF) or PyTorch (PT).
While offline training data often comes from pre-existing datasets,

we emphasize the importance of libraries that facilitate the creation of
diverse datasets from environments when an environment
is available. This versatility enables users to generate datasets with
varying expertise levels, a crucial factor for the subsequent training
of RL agents. To this end, we explore whether the libraries are
equipped with data collection functionalities within the environment.
Given the complexity of evaluating offline RL agents without

access to a virtual environment, we also investigate whether the
libraries incorporate off-policy evaluation (OPE) methods to
assess the performance of policies without deploying them.
Finally, Table 3 lists the number of algorithms implemented (# algo-
rithms and # offline algorithms), whether the library has model-free
or model-based implementations, and whether the library is oriented
toward offline RL. The “+” symbol is included in the algorithm
count to account for instances where certain libraries feature multi-
ple versions of the same algorithm, with minimal differentiation,
thus not being considered as distinct algorithms.
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