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Abstract—This chapter reviews recent advances in the ap-
plication of Deep Reinforcement Learning (DRL) to industrial
scheduling and supply chain optimization. We first introduce
foundational RL concepts and leading DRL algorithms, as well as
various other machine learning algorithms. A central component
of the chapter are various case studies, where DRL and other
methods are applied to company use cases. The chapter con-
cludes with perspectives on scalability, deployment, and research
opportunities within Industry 4.0 and 5.0 contexts.

Index Terms—Reinforcement Learning, Scheduling, Optimiza-
tion, Industry 4.0, Industry 5.0, Supply Chain, Logistics, Oper-
ational Research

I. INTRODUCTION

Recent years have witnessed a surge in interest around
Reinforcement Learning (RL) and other machine learning
(ML) techniques for solving decision-making problems in
complex industrial environments. In this chapter, we explore
the use of ML—particularly Deep Reinforcement Learning
(DRL)—as a paradigm-shifting approach to operations plan-
ning and scheduling, where conventional methods struggle
to meet scalability, adaptability, and real-time responsiveness
requirements.

This review is structured to offer both theoretical insights
and practical applications. After introducing foundational con-
cepts in DRL and ML, we provide a comparative overview
of state-of-the-art methods. A key case study is presented in
the context of semiconductor supply chain planning, where
DRL has been applied to address limitations of traditional
optimization models. Finally, we highlight promising research
directions and implementation considerations for deploying
DRL in real-world industrial settings.

This work was funded by the European Union in the context of the Horizon
Europe project “AIMS5.0 - Artificial Intelligence in Manufacturing leading to
Sustainability and Industry5.0” Grant agreement ID: 101112089.

II. OVERVIEW OF METHODS

A. Introduction to Reinforcement Learning

Reinforcement Learning deals with a two-entity framework,
the agent and the environment. With reference to Fig. 1, the
environment dictates the dynamics, and the agent acts on it to
maximize a specific reward function. This setting is usually
formalized under the umbrella of Markov Decision Process
(MDP). An MDP consists of five main parts:

Fig. 1. Agent-environment interaction in a Markov Decision Process.

1) S , called state space, is the set of states in which a
reinforcement learning agent can be.

2) A, called action space, is the set of actions that an agent
can perform;

3) P , called the transition function, rules the dynamics and
is defined as p(st+1|st,at). For the rest of the chapter,
we will consider the discretized time RL setting, which
transition from the currrent state and the new state will
be dictated by the transition distribution;

4) R, called the reward function, which acts as the
supervision in the RL problem, and is defined as
p(rt|st,at, st+1). Poorly speaking, it defines the im-
mediate reward an agent should receive given a certain
decision;
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5) γ, called the discount factor, which rules the trade-off
between the importance of the immediate reward and
the future rewards.

The behavior of an agent is identified in a policy that
defines how the agent acts in a specific state. It is defined
as a distribution π(at|st). The support for such a distribution
can change between states. Such policy aims at maximizing
the return (expected cumulative sum of discounted rewards),
defined as:

G(π) = Eπ
s0,a0,s1,...

[ ∞∑
i=0

γiri

]

Given a specific policy π and discount factor γ, we can define
two other quantities, the value function V π : S → R and the
action-value function Qπ : S ×A → R:

V π(st) = Eπ
at,st+1,at+1,st+2,...

[ ∞∑
i=0

γirt+i

∣∣∣ st
]

Qπ(st,at) = Eπ
st+1,at+1,st+2,...

[ ∞∑
i=0

γirt+i

∣∣∣ st,at

]

All RL algorithms can be derived from such quantities, how-
ever, an additional one is defined since is extensively used in
literature, which is the Advantage A, which is defined as:

Aπ(st,at) = Qπ(st,at)− V π(st)

Intuitively, it models the improvement obtained thanks to
action at from the policy π compared to the average return in
such state.

The challenge in RL is learning these functions in order to
derive a policy improvement algorithm. In the naive setting
with a finite set of possible states and actions, and these sets
being reasonably small, a tabular setting is usually employed,
where the table represents al possible combinations of states
and actions S×A. However, in real world scenario, the size of
these sets makes such approach prohibitive, or impossible in
the case of continuous settings. In order to solve this criticality,
RL usually relies in approximations of these functions.

All the algorithms presented in the following sections,
will take advantage on a subset of these tools (π, A,V ,Q)
approximated with some function approximator, which usually
are Neural Networks, in which case are referred as Deep
Reinforcement Learning (DRL) algorithms.

Most of recent advancements in DRL fall under the umbrella
of Q-learning algorithms, and Actor Critic algorihtms. The
former aims at distilling a policy directly from the Q-function,
this requiring the learning of only that component. Actor Critic
algorithms instead aim at learning the policy π, and exploit
either A or V or Q to do so.

B. State of the Art of Deep Reinforcement Learning

Having introduced the fundamental concepts of Reinforce-
ment Learning (RL)—value functions (V π), action-value func-
tions (Qπ), advantage functions (Aπ), and stochastic or deter-
ministic policies (π, µ)—we now focus on the principal deep
RL algorithms that have driven recent progress in the field.
Each of the following methods leverages neural networks to

approximate one or more of the core functions, and incor-
porates various techniques to stabilize learning and improve
performance.

1) Deep Q Networks: Deep Q Networks (DQN) [1] were
among the first successful attempts to combine deep learning
with Q-learning, enabling agents to learn directly from high-
dimensional inputs such as raw pixels in Atari games.

a) Objective.: Let Qθ(s,a) be the parameterized action-
value function (Q-function) approximated by a neural network
with parameters θ. DQN minimizes the following loss func-
tion:

L(θ) = E(s,a,s,r)∼D

[(
r+γmax

a′
Qθ−(s′,a′) − Qθ(s,a)

)2]
,

(1)
where θ− are the parameters of a slowly updated target
network and (s,a, s, r) are transitions sampled from a replay
buffer D, where agent’s experiences are stored. The replay
buffer improves data efficiency, namely, the same transition
can be used for multiple gradient updates, and decorrelates
samples.

b) Target Network and Double DQN.: The use of a sec-
ond target network, namely keeping a distinct set of parameters
for the Q-learning target in equation 1, has shown improved
training stability. Double DQN [2] further improves DQN
performance by proposing the following target:

r + γQθ−
(
s′, argmaxa′Qθ(s

′,a′)
)

(2)

This allows reducing overestimation of the target by decom-
posing the max operation in the target into action selection
and action evaluation.

2) REINFORCE: Instead of learning the action-value func-
tions (Qπ) and derive a greedy policy from it, Policy Gradient
methods, as REINFORCE [3], directly optimize the parame-
ters θ of the policy πθ(a|s) by sampling entire trajectories
from the environment. Such an approach is effective in high-
dimensional or continuous action spaces, contrary to DQN-
based methods.
To do so, REINFORCE seeks to maximize the expected return
J(θ) defined as:

J(θ) = G(πθ) = Eπθ

[
T−1∑
t=0

γtrt

]
(3)

where T is the length of an episode (assuming an episodic
setting where for any trajectory ends in a final state ST ). The
gradient of J(θ) with respect to θ is given by the so-called
Policy Gradient (PG) Theorem [4]:

∇θJ(θ) = Eπθ

[
T−1∑
t=0

∇θ log πθ(at|st)Gt

]
,

Gt =

T−1∑
k=t

γkrt+k

(4)

with Gt representing the return (or discounted return) follow-
ing time step t. In practice, to mitigate high variance, REIN-
FORCE implementations subtract to Gt a learned baseline e.g.
the value function V πθ (st).



Reinforcement Learning, Optimization and Scheduling  
in Industry 5.0: Overview and Case studies

106 SPECIAL ISSUE OF THE INFOCOMMUNICATION JOURNAL

Industrial AI for Industry 5.0

REINFORCEMENT LEARNING, OPTIMIZATION AND SCHEDULING 3

3) Advantage Actor Critic (A2C / A3C): Actor-Critic meth-
ods combine policy-gradient (the actor) with a value function
estimator (the critic). Actor-Critic methods estimate the ad-
vantage function Aπθ (st,at) by bootstrapping. In particular,
provided an estimate of the value function for any state
V̂ πθ (s), an estimate of the advantage Aπθ (st,at) is given by
the so-called k-steps Temporal Difference error (TD(k) error):

Âπθ (st,at) =
k∑

i=0

γirt+i+γk+1V̂ πθ (st+k+1)−V̂ πθ (st) (5)

Advantage Actor Critic methods usually estimate V πθ (s)
by training a neural network as a function approximator.
Therefore, by denoting with ϕ the learnable parameter of
such a network, called Critic network, V̂ πθ

ϕ (s) is used as an
estimate of the value function. As consequence, Advantage
Actor Critic approaches jointly update the Actor network (πθ)
and the Critic one. As for REINFORCE, policy parameters θ
are updated according to PG:

∇θJ(θ) = E
[
∇θ log πθ(at|st) Âπθ (st,at)

]
(6)

Regarding the Critic network, the parameters are updated
by minimizing the Mean Squared Error (MSE) between the
current estimate V̂ πθ (s) and the TD(k) target. In the simple
case where k = 0, the loss for the Critic is given by:

L(ϕ) = E
[(

rt + γV̂ πθ (st+1)− V̂ πθ (st)
)2

]
(7)

where rt + γV̂ πθ (st+1) is the TD(1) target at given state st.
a) Synchronization.: In the literature, there are two popu-

lar implementations for Advantage Actor Critic: Asynchronous
Advantage Actor Critic (A3C) [5] and the synchronous variant
A2C. In A3C, multiple agents explore in parallel on different
threads, asynchronously updating the shared parameters, while
for A2C updates are collected from parallel actors and applied
in a batch.

4) Proximal Policy Optimization (PPO): In Reinforcement
Learning, as in traditional Machine Learning, the choice of the
learning rate is crucial. A small learning rate often requires
multiple updates on the same samples. However, in RL, this
can lead to large policy updates that are not justified, as the
advantage function used in the Policy Gradient update depends
on the policy itself.
To address this, TRPO [6] introduces a surrogate objective
function along with a constraint to prevent excessively large
updates. However, TRPO is challenging to implement in
frameworks like PyTorch and is incompatible with techniques
like Dropout or parameter sharing between the critic and the
policy.
To overcome these limitations, PPO [7] introduces a clipped
surrogate objective, making it both simpler to implement and
more broadly applicable while still controlling policy updates.
Defined the following likelihood ratio:

rt(θ) =
πθ(at|st)
πθold(at|st)

, (8)

where πθold denotes the policy used to sample, the clipped
surrogate objective (the most used PPO objective) is:

LCLIP(θ) = E
[
min

(
rt(θ) Ât, clip

(
rt(θ), 1− ϵ, 1+ ϵ

)
Ât

)]
,

(9)
where Ât = Âπθold (st,at) is the estimate of the advantage at
time step t concerning the sampling policy πθold (as done for
A2C/A3C, a critic network is used for this purpose), and ϵ is a
hyperparameter (typically small, e.g., 0.1 or 0.2). This clipping
prevents excessively large policy updates while preserving
incentive to improve on-policy actions.

5) Deep Controlled Learning: Deep Controlled Learning
(DCL) [8] is a Deep Reinforcement Learning (DRL) algo-
rithm tailored to high-variance environments such as inventory
management and supply chain scheduling. It operates within
the Approximate Policy Iteration (API) framework, where the
goal is to iteratively improve a policy π by approximating the
optimal value function and deriving improved policies.

Unlike conventional DRL algorithms, DCL decouples the
learning of the value function from policy learning. It focuses
on the policy learning step as a supervised classification task:

π(s) = argmin
a∈A

E[c(s, a)]

where c(s, a) is the estimated cost of taking action a in state
s, obtained via simulation.

To estimate E[c(s, a)] efficiently and robustly, DCL com-
bines two algorithmic techniques:

• Sequential Halving (SH): An adaptive sampling method
that allocates simulation budget to promising actions,
discarding suboptimal ones early.

• Common Random Numbers (CRN): A technique that
reduces variance by using shared randomness across sim-
ulations for different actions, ensuring fair comparisons.

Given a set of actions A, each action a is simulated under
identical scenarios ω ∈ Ω, and the empirical mean cost ĉ(s, a)
is computed. The selected action minimizes this estimate:

π(s) = argmin
a∈A

ĉ(s, a)

This process is repeated for each state in a dataset, and a
policy neural network is trained to predict the optimal action
given any state.

DCL’s design ensures scalability and stability. Empirical
studies have shown that DCL performs consistently well across
diverse inventory control scenarios—including lost sales, per-
ishable goods, and random lead times—achieving average cost
reductions with an optimality gap below 0.2% compared to
known optimal policies.

The algorithm’s generality, low variance, and robust per-
formance with fixed hyperparameters make it a compelling
choice for dynamic supply chain and inventory planning under
uncertainty.

6) Preconditioned Proximal Policy Optimization (P3O):
While the clipping PPO objective aims to prevent large policy
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updates, it might cause loss of exploration. For this reason
P3O [9] proposes the following objective:

Lp3o(θ) = E
[
Lscp(θ)− β · KL

(
πθold(·|st), πθ(·|st)

)]
(10)

Lscp(θ) = σ
(
τ · (rt(θ)− 1)

)
· 4
τ
Ât (11)

where τ and β are two hyperparameters, σ(·) denotes the
sigmoid function, KL(·, ·) denotes the Kullback–Leibler (KL)
divergence and rt(θ) denotes the likelihood ratio defined in
equation 8. Lscp(θ) is called Scopic objective and, contrary
to the clipped surrogate objective used in PPO, allows the
policy to be optimized in a much larger space promoting
exploration. On the other hand, the KL divergence keeps
the importance sampling ration rt(θ) close to one, to better
balance exploration and exploitation.

7) Deep Deterministic Policy Gradient (DDPG): DDPG
[10] extends Q-learning to continuous actions by following
the Actor-Critic paradigm, namely, maintaining both a pa-
rameterized critic (Q-function) Qϕ(s,a) and a parameterized,
deterministic actor µθ(s). As for DQN, DDPG exploits a
replay buffer D, where samples (s,a, r, s′) are collected
according to the exploration policy µ(s) = µθ(s)+N , where
N is any random noise, e.g. Gaussian noise.

a) Critic Update.: Similar to DQN, DDPG uses a target
network for both Q, Qϕ− , and µ, µθ− . These are updated with
an Exponential Moving Average update, and allows to derive
a target for the critic that guarantees stable updates:

L(ϕ) = E(s,a,r,s′)∼D

[(
r + γ Qϕ−(s′, µθ−(s′))

− Qϕ(s,a)
)2]

.
(12)

b) Actor Update.: Following the Deterministic Policy
Gradient Theorem [11], the deterministic policy gradient is
computed by backpropagating through the Q-function with
respect to the policy:

∇θJ(µθ) = Es∼D

[
∇aQϕ(s,a)

∣∣
a=µθ(s)

∇θµθ(s)
]
. (13)

8) Twin Delayed Deep Deterministic Policy Gradient
(TD3): TD3 [12] improves upon DDPG by mitigating over-
estimation bias in Q-learning. It uses two critics and delays
policy updates, leading to more stable training.

a) Overestimation Mitigation.: When computing the tar-
get, TD3 takes the minimum of the two critic networks:

y = r + γ min
i=1,2

Qϕ−
i

(
s′, µθ−(s′) + ϵ

)
, (14)

where ϵ is a small noise added for smoothing (target policy
smoothing). The critics are updated by minimizing the differ-
ence to this target, and the policy update is performed less
frequently (e.g., every two critic updates).

9) Soft Actor Critic (SAC): SAC [13] incorporates an
entropy term to encourage broader exploration. Instead of
simply maximizing the expected return, SAC optimizes a soft
value function that balances return and policy entropy.

a) Soft Q Function.: The soft Q-function Qϕ(s, a) is
learned by minimizing

LQ(ϕ) = E(s,a,r,s′)∼D

[(
Qϕ(s,a) −

(
r + γ Vψ̄(s

′)
))2]

,

(15)
where Vψ̄(s) is a parameterized value function network (or,
in some variants, omitted in favor of a second Q-network).

b) Entropy-Augmented Policy Update.: The policy
πθ(a|s) aims to minimize the Kullback–Leibler divergence
between itself and an exponential distribution defined by the
soft Q-function. One way to write the objective is:

∇θJ(θ) = Es∼D,a∼πθ

[
∇θα log πθ(a|s) − ∇θQϕ(s,a)

]
,

(16)
where α is the temperature parameter that controls the trade-
off between exploration (entropy) and exploitation (return). An
adaptive scheme for α can also be employed to dynamically
adjust the entropy bonus.

c) Advantages of SAC.: By emphasizing entropy in
the objective, SAC avoids prematurely collapsing to a near-
deterministic policy, often leading to more robust and stable
learning across a wide range of continuous control environ-
ments.

Overall, these algorithms showcase the evolution of deep
RL, illustrating how different design choices—on-policy vs.
off-policy, deterministic vs. stochastic policies, clipping vs.
entropy regularization, or single vs. multiple critics—can
greatly affect training stability and performance. While each
method has its own strengths and trade-offs, together they
form the core toolkit for solving complex RL tasks in both
simulation and real-world applications.

C. Introduction to Evolutionary Methods

Evolutionary methods are optimization techniques inspired
by natural evolution, emulating concepts such as mutation,
selection, and recombination. These methods iteratively evolve
candidate solutions to optimize complex, noisy, or non-
differentiable functions. Unlike gradient-based optimization,
evolutionary strategies do not rely on gradient information,
thus providing robustness in scenarios where gradient infor-
mation is either unavailable or unreliable.

At their core, evolutionary algorithms maintain a population
of candidate solutions. Through repeated cycles of evaluation
and variation, they progressively improve these solutions by
favoring those exhibiting superior performance, typically mea-
sured by a fitness function. A general evolutionary approach
includes the following steps:

1) Initialization: Generate an initial population of candi-
date solutions.

2) Evaluation: Compute the fitness of each candidate
solution.

3) Selection: Select a subset of candidates based on fitness
to form a new generation.

4) Variation: Apply mutation and recombination to create
offspring solutions.

5) Replacement: Replace less fit solutions with better-
performing offspring.
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Contrary to traditional Reinforcement Learning (RL) ap-
proaches, Evolutionary Strategies (ES) do not rely on gradient
estimates. Instead they treat the optimization of policies as a
black-box optimization problem. This makes ES particularly
suited for scenarios where the reward signals are sparse, de-
layed, or noisy, conditions frequently encountered in industrial
scheduling and real-world RL problems. Prominent evolu-
tionary methods, such as the Cross-Entropy Method (CEM),
Covariance Matrix Adaptation Evolution Strategy (CMA-ES),
and Separable Natural Evolution Strategies (SNES), have
demonstrated their efficacy in optimizing neural network
policies directly, effectively handling high-dimensional and
complex policy spaces.

D. State of the Art Evolutionary Methods

Modern evolutionary optimization methods have signifi-
cantly advanced, providing powerful alternatives to classical
optimization and reinforcement learning in complex industrial
applications. Among these, three notable state-of-the-art meth-
ods include Cross-Entropy Method (CEM), Covariance Matrix
Adaptation Evolution Strategy (CMA-ES), and Separable Nat-
ural Evolution Strategies (SNES).

Each of these evolutionary strategies addresses different
optimization challenges. CMA-ES stands out for its robustness
in noisy, correlated parameter spaces, CEM offers simplic-
ity and interpretability, and SNES excels in scalability and
computational efficiency. Collectively, these methods form the
cornerstone of evolutionary optimization, enabling effective
exploration and exploitation in complex real-world scenarios.

1) Cross-Entropy Method (CEM): Initially proposed for
rare-event simulation and subsequently adopted for optimiza-
tion, CEM is an iterative procedure optimizing a parameterized
probability distribution of solutions. At each iteration, CEM
samples solutions from a parameterized distribution (typically
Gaussian), selects elite samples based on their performance,
and updates the distribution parameters by minimizing the
cross-entropy distance between the sampling distribution and
the distribution of elite samples. Formally, the update rule for
mean µ and covariance Σ can be expressed as:

µt+1 =
1

Ne

Ne∑
i=1

xi, Σt+1 =
1

Ne

Ne∑
i=1

(xi−µt+1)(xi−µt+1)
T ,

(17)
where xi are elite samples, and Ne denotes the number
of elite samples. The simplicity and adaptability of CEM
make it appealing for problems where gradient computation
is infeasible or costly, although it can be prone to premature
convergence in multimodal landscapes.

2) Covariance Matrix Adaptation Evolution Strategy
(CMA-ES): CMA-ES represents a significant advancement
in evolutionary methods, particularly adept in handling con-
tinuous optimization problems with noisy fitness landscapes.
CMA-ES explicitly models dependencies among variables by
adaptively updating a covariance matrix of a multivariate
Gaussian distribution. Formally, CMA-ES updates the mean
and covariance matrix using information from elite solutions:

µt+1 = µt + σt

Ne∑
i=1

wi(xi − µt),

Σt+1 =

Ne∑
i=1

wi(xi − µt)(xi − µt)
T ,

(18)

where wi are weights assigned according to the rank-based
fitness of the samples xi. This allows CMA-ES to adaptively
adjust the step-size and the search direction, significantly
enhancing its efficiency and robustness against ill-conditioned
objective functions and improving convergence speed and
robustness.

3) Separable Natural Evolution Strategies (SNES): Separa-
ble Natural Evolution Strategies (SNES) simplify the compu-
tational complexity of covariance-based methods like CMA-
ES by assuming a diagonal covariance structure. This method
optimizes a Gaussian distribution characterized by its mean
and a diagonal covariance, significantly reducing the number
of parameters to be updated. SNES maximizes expected fitness
through a gradient estimate derived from natural gradients:

θt+1 = θt + ηF−1∇θEθ[f(x)], (19)

where θ = (µ,Σ) are the parameters of the Gaussian
distribution, and the diagonal covariance ensures scalability to
high-dimensional problems. SNES is particularly effective in
large-scale optimization tasks where computational efficiency
is critical.

E. Introduction to Differentiable Physics

Gradient-based learning with differentiable simulations, or
differentiable physics (DP), is a growing field of machine
learning that takes advantage of direct gradient propagation
and offers significant improvements in sample efficiency,
training stability, and computational performance in complex
control tasks, compared to reinforcement learning [14], [15],
[16], [17].

1) Foundational Concepts: Differentiable simulators pro-
cess physical dynamics as end-to-end differentiable computa-
tional graphs [14]. Unlike conventional simulators, which treat
state transitions such as

st+1 = f(st, at)

as black-box functions, differentiable implementations enable
gradient calculation through the state transition process. This
allows for a direct computation of expressions such as

∂st+1

∂at
and

∂st+1

∂st
,

creating a continuous optimisation pathway from actions
to outcomes. For example, in robotic manipulation tasks,
this property enables backpropagation of positioning errors
through the entire sequence of manipulation tasks.

In contrast, reinforcement learning (RL) generally relies
on stochastic policy exploration and reward signal propaga-
tion, requiring extensive environmental interactions to esti-
mate value functions. The policy gradient approach of the
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REINFORCE algorithm [3] exemplifies this trial-and-error
paradigm, where agents must discover successful action se-
quences through temporal difference learning and Monte Carlo
sampling. Although effective in diverse domains, this method-
ology becomes prohibitively expensive in scenarios with high-
dimensional state spaces or delayed rewards. Gradient-based
learning circumvents RL’s exploration bottleneck by using an-
alytic gradients from differentiable models to directly optimise
policy parameters.

F. State of the Art in Differentiable Physics (EDI)

1) Overview of Differentiable Simulator Toolkits: Early
work on DP for control by Belbute-Peres et al. [18] shows that
end-to-end differentiability with analytical gradients comes
with a number of benefits, including parameter identifica-
tion and sample-efficient learning by embedding differentiable
physics within deep networks for more accurate predictions of
physical behaviours from minimal observational data across
diverse applications, including fluid-flow dynamics [19], [20],
[21], [22], [23], and robotics tasks [24], [25]. Since then, there
has been a rise of diverse differentiable simulation engines
over the past years, including tools such as Brax [26], Dojo
[27], NimblePhysics [28], Taichi [29] and Warp [30]. An
overview of their features can be seen in Table I.

Compared to general-purpose ML libraries such as Tensor-
Flow and PyTorch, differentiable simulation toolkits feature
diverse physics solvers and may come with optimisation and
learning tools or easy integration with existing machine learn-
ing libraries. For example, BRAX has Built-in RL algorithms
in JAX, while Warp and Nimble can be easily integrated with
PyTorch or Tensorflow.

2) Applications in Robotic Manipulation Tasks: Bridging
the reality gap is one of the most important steps in robotics
in order to operate in the real world. One method for accom-
plishing this is by parameter identification. Lutter et al. [17]
demonstrate that knowledge of physics can significantly reduce
the required number of measurement samples for achieving
accurate control. This is accomplished by comparing the
offline learning performance of an analytically differentiable
white-box model of a robotic arm with black-box models
of the same robot in a ball-in-cup task. The authors find
that the white-box model consistently perform better than
black-box models, despite being trained on significantly less
data, while also complying with nonholonomic constraints
(e.g. ball-on-string). Collins et al. [31] demonstrate similar
results in an online learning setting by iterating through real-
to-sim optimisations and sim-to-real transfers for continuous
improvements of the robot model.

Accurate contact modelling is another important require-
ment for contact-rich robotic manipulation tasks. This is a
challenge, since contact simulations are inherently difficult
to differentiate due to potentially numerous discontinuities.
Still, even these challenges can be addressed with differen-
tiable physics by either mollifying (softening) contact forces
[32], [24], [25], integrating collision detection and contact
simulation into one unified differentiable framework [33] and
introducing adaptive-horizon rollouts to limit gradient errors

from stiff contact dynamics within differentiable simulations
[34].

III. DRL AND OPTIMIZATION: APPLICATION AREAS IN
INDUSTRY 5.0

DRL and Optimization are broadly applied in Industry 4.0
and Industry 5.0, e.g. in the areas:

• Supply chain and logistics
• Autonomous robotic systems and adaptive control
• Energy and resource management
• Quality control, predictive maintenance
• Collaborative robots, adaptive workflows
• Resilient production systems
Next, we present a detailed discussion of applications in

specific use cases:
• Wafer Lot Scheduling in Semiconductor Frontend Fabs
• Master Planning for Semiconductor Supply Chain Simu-

lation
• Reel Utilization in Production by 3D printing
• Long-Term Rapid Scenario Planning in the Semiconduc-

tor Industry using DRL
• Differentiable physics training method for robot motion

planning

A. Wafer Lot Scheduling in Semiconductor Frontend Fabs

1) Problem Description: Semiconductor Frontend Man-
ufacturing (SCFM) is one of the most complex industrial
processes in the world. Silicon wafers are going through an
intricate process flow which can entail hundreds of steps and
can take multiple months. Those steps can include diffusion,
etching processes, lithography, ion implementation, measuring
steps and more. During those processes, the intended electrical
structure is build layer by layer on the wafer. After the wafer
processing in the frontend of line, the wafers are tested and
move on to the backend of line where they are cut into piece,
packaged and bonded to create the interconnections between
the integrated circuit (IC) and its packaging. As the tools are
very expensive and can cost many millions of USD each [35],
we want to utilize them as much as possible. In order to
achieve a high utilization, we accept queues of waiting lots
in front of the machines. To achieve good WIP (Work-In-
Progress)-flow and balancing of load across the routes of the
different products as well as across the machines, the queues
of waiting lots have to be optimized. [36]

This optimization is described by the Semiconductor Fac-
tory Scheduling Problem (SFSP), which is regarding the
efficient assignment of wafer lots to specific machines in
a designated order. The problem is often formalized as a
Complex-Job-Shop-Scheduling Problem (CJSSP) in academia.
The CJSSP is based on the Job-Shop-Scheduling Problem
(JSSP), which describes the efficient assignment of n jobs
J to m machines M. In the basic version, each job of a
unique type has to be processed once on each machine in a
specific order. The CJSSP extends this problem by introducing
machine groups with parallel machines. Furthermore, batching
processes are considered, where multiple jobs can be processed
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TABLE I
FEATURES OF DIFFERENTIABLE SIMULATION TOOLKITS.

Feature/Engine BRAX Dojo Nimble Taichi Warp

Physics domain Particle/Rigid/CFD Robotics Robotics Multi-domain Rigid/Soft

Differentiation JAX AD Implicit diff. Chain rule AD Kernel-grad AD CUDA AD

Contact handling Convex approx. NCP/SOC LCP Hybrid Compliant

Contact differentiation Smooth approx. Analytic Limited TOI-Velocity Semi-analytic

Acceleration GPU/TPU GPU/CUDA CPU/GPU GPU GPU

on the same machine in parallel if their setup requirements
are matching. The CJSSP also incorporates the concept of
reentrant flow, meaning that the jobs can revisit machines
multiple times in their process flow. [36]

An important intrinsic property of SCFM is the strong
stochasticity. Frequent machine failures are normal in day
to day operations and directly affect the SFSP. To prevent
unscheduled downtime, some manufacturers do preventive
maintenance. The waiting times of wafer lots at individual
steps, transport times as well as processing times are stochas-
tic. Quality checks can trigger optional rework steps. [36]

2) Heuristics: Traditionally, simple heuristics, often in an
hierarchical order, have been used in the SCFM industry to
control the dispatching order of queues of waiting lots. Those
can be as simple as First-In-First-Out (FIFO). This approach
is good for comprehensibility as well as keeping a good
overviews. The system is however limited to manual human
intervention when it comes to dynamically reacting to arising
bottlenecks or other material-flow related problems.

Researchers have presented solutions to optimize meta-
heuristics to better fit specific problem instances. This can be
done by use of WIP-flow simulations. Linear combinations of
weighted lot properties can be used to score and sort queues
of weighting lots. The coefficients of that linear combination
can be optimized though iterative perturbation and simulation
runs.

An alternative approach in academia is the use of
population-based metaheuristics called swarm algorithms.
Some popular example are the Artificial Bee Colony (ABC)
swarm algorithm as well as Ant Colony Optimization (ACO)
which aim at a decentralized optimization. The idea is to
observe properties in the neighboring environment, such as
the utilization of the machines in the following steps. [37]
and [38] show the effectiveness of these algorithms in smaller
scheduling instances regarding semiconductor manufacturing.
Another population-based metaheuristic approach are Evolu-
tionary Algorithms (EAs) such as Genetic Algorithms (GAs),
which have been shown to be effective for complex scheduling
problems [39].

3) Classical Mathematical Optimization: Scheduling prob-
lems are often solved with exact mathematical methods such
as Constraint Programming (CP), Mixed-Integer-Programming
(MIP), Linear Programming (LP) or Answer-Set-Programming
(ASP) [40], [41], [42], [43], [44], [45]. Those methods aim
at finding the exact best solution or to at least estimate
the solution gap. One of their advantages is that they can
dynamically adapt to the local situation, i.e., to rebalance the

load across parallel machines.
As already the simple JSSP is NP-hard [46], the SFSP

is often decomposed into subproblems, such as the Parallel-
Machine-Scheduling-Problem (PMSP), which considers only
the queue of waiting lots in front of a set of parallel machines
of the same type. An acceptable solution has to be found by
the solver within a specified interval time. This interval times
depends on the dynamics of the manufacturing environment
which can require rescheduling from one minute to the other
if, i.e., tools are going down or rework has been triggered. An
alternative is to accept strong abstractions of the problem, not
considering all constraints in detail and disregarding important
aspects such as stochasticity.

4) Deep Reinforcement Learning: Similar to metaheuris-
tics, DRL can iteratively optimize a scheduling policy using a
simulation based approach. This enables the direct optimiza-
tion towards global fab level KPIs. Furthermore, DRL enables
the training of a dynamic policy which is changing based on
the state of the environment. A metaheuristic can learn a policy
defined by a static linear combination of input features which
works well on average. A stochastic policy trained by RL
can be defined by a Deep Neural Network and dynamically
change a nonlinear combination of input features to adapt
to the dynamically changing situation in the manufacturing
environment which is subject to an every changing load mix
and stochastic machine failures.

One of the main challenges in DRL is the problem formu-
lation through the characterization of the main components of
the DRL paradigm, namely reward signal, state and action
space. The choice of a suitable DRL algorithm is heavily
influenced by this preliminary settings. In the context of lot
scheduling in semiconductor manufacturing, the main objec-
tives are usually makespan minimization [47], [48], utilization
[49] or on time delivery [50]. Thus, the reward signal is usually
related to these metrics. In this context, the state provided
to the agent is dependent on the type of event that triggers
the interaction between agent and simulation. A discrete event
simulation may either halt after a predefined time interval or
when a machine under the agent’s control becomes idle. Re-
garding the former approach, some studies have incorporated
an embedded graph structure into the observation space [47],
[51], [52], which represents the relationships between jobs and
machines or among the machines.

Alternatively, other approaches represent the state using
multiple matrices [53], [54], [55], which define job-to-machine
assignments, job processing times per machine, or the remain-
ing processing times for each machine. In case the simulation
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dynamically presents jobs waiting in front of an idle machine
to the agent, the extracted features are typically more closely
related to the characteristics of the lots [56], [49].

In this setting, the action space can be defined as assigning
the position of the lot in the queue. Alternatively, actions can
be defined as selecting or weighting predetermined dispatching
rules commonly used in manufacturing contexts, such as
shortest processing time (SPT) or first-in first-out (FIFO) [50],
[54]. Another approach is to define actions space as the set of
possible job-to-machine allocations [53], [52].

Once the main components of the MDP are defined, the
choice of RL algorithm depends heavily on the complexity
of the underlying simulation. If the simulation models a real
semiconductor manufacturing process, the computational time
required for the agent to interact with the simulator can be
significantly higher compared to commonly used open-source
benchmark models. In such cases, on-policy methods like
PPO may be more suitable, as they compute updates on the
fly without storing samples in a replay buffer. Asynchronous
policy updates, such as in the A3C algorithm, can be beneficial
when using multiple agents in parallel, as it allows for gradient
calculation to begin without waiting for all agents to finish
collecting their samples by interacting with the environment.
This is particularly useful, as parallel agents can potentially
complete episodes at very different times, i.e., due to stochastic
events, such as machine breakdowns. Table II summarizes
the major contributions regarding RL methods in the field of
scheduling and dispatching which are cited in this section.

One limitation of RL approaches is the comprehensibility of
the result, as the results have to be communicated to experts
in the manufacturing domain who might not have in-depth
knowledge of Deep Learning. Even for data scientists, the
resulting policies are not fully explainable and can only be
understood approximately. There is a tradeoff between the
comprehensibility as well as the performance of the methods.
Explainable Reinforcement Learning (XRL) is a growing
field that aims to make RL agents more understandable and
interpretable to humans by providing insights into the inner
workings of an agent’s policy. Several methods have been
developed to address this challenge. One approach involves
visualizing which input feature were most influential for the
agent decision, i.e., with saliency maps for image based obser-
vations [57]. Another strategy is imitation-based explanations,
where interpretable models such as decision trees or symbolic
rules are trained to mimic the behavior of a more complex
policy. Reward decomposition is another powerful technique
[58]. Instead of treating the reward as a single scalar signal, it
can be broken down into human understandable components
that reveal what aspects of the environment the agent is
prioritizing [59].

5) Evolution Strategies / Neuroevolution: One of the main
problems in RL is the credit-assignment problem. It is difficult
to find a reward which offers direct feedback and correlates
with the actual target KPIs. An individual scheduling or dis-
patching decision might have long lasting effects which cannot
be seen in the immediate returns of the reward. Furthermore,
the many stochastic effects and dynamic nature of the system
overlay the reward signal with noise. Lastly, the environment

is practically not fully observable if we consider all relevant
constraints and details. In case we are using only a partial
observation of the environment’s state, we violate the Markov-
Property.

We can circumvent all of the above problems, espe-
cially the credit-assignment problem, by using a black-bock-
optimization-algorithm which only requires one reward at the
end of an episode. In this case we do not have to focus
on reward shaping but we can directly return the KPIs of
interest at the end of each iteration. [7] have shown Evolution
Strategies (ES) to be a scalable alternative to policy-gradient-
based RL. It is able to optimize smaller Neural Networks
without the intrinsic problems of policy-gradient methods
described above. It can be highly parallelized and offers
good scalability with the number of utilized CPU cores. by
combining ES with Neural Networks, it becomes a method
within the area of Neuroevolution. CMA-ES is an even more
effective enhancement of ES which takes into account the
covariance among the parameters under optimization. [56]
show its effectiveness for the SFSP in a real world industrial
setting.

B. Master Planning for Semiconductor Supply Chain Simula-
tion

1) Problem Description: Semiconductors are essential
components in modern electronics, such as computers or
smartphones. Their manufacturing is intricate, involving mul-
tiple stages that require precise coordination and efficient
planning across various production sites. To manage this
complexity, supply chain master planning is employed to
coordinate resources and optimize supply, production, and
distribution to meet demand effectively. Traditionally, this
planning relies on linear programming (LP) models which
are unable to deal with uncertainty. To analyze the effects
of uncertainty on the supply chain, rapid event simulation is
performed, where a host of different scenarios are simulated
and their effects can be analyzed. A supply chain simulation
model needs a policy model in the simulation, to determine
the quantities of each product that should be produced in each
period. Thus a policy model needs to be able to solve the
production inventory control problem. The specific production
inventory control problem addressed in this section deals
with capacity sharing, dual sourcing systems. This means
that each product can be produced using multiple different
combinations of machine groups, and these combinations may
share capacities. Furthermore, since rapid event simulation is
the goal, LP cannot be used as a policy model, as a single
LP run can take several hours, and in a simulation dozens of
sequential LP runs would need to be performed. A good policy
model needs to have short computation times, such that a
wide range of scenarios can be explored, whilst approximating
optimal solutions at the same time, to reflect reality.

2) Heuristics: A wide range of algorithms has been de-
veloped to achieve good solutions for the inventory control
problem. Base-stock policies offer rapid execution and can
yield near-optimal solutions in relatively simple settings with
limited uncertainty [60]. More sophisticated heuristics that
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TABLE II
EXAMPLES OF RL APPROACHES APPLIED TO SCHEDULING PROBLEMS WITH THEIR RESPECTIVE MDP CHARACTERISTICS.

Publication RL Algorithm Action Space Observation Space Reward

[47] P3O Lot-machine assignment Graph based schedule Makespan

[48] DQN Lot-machine assignment Graph based schedule Makespan

[49] DQN Lot sequence Lot features Utilization

[56] CMA-ES Lot sequence Lot features Tardiness/Throughput

[53] PPO Lot-machine assignment Lot-machine features Makespan

[54] DDPG Dispatching rules Lot-machine features Makespan

[50] DQN Dispatching rules Production status Tardiness

have been applied to supply chain simulation optimization
include genetic algorithms and meta-heuristics [61]. Recently
deep reinforcement learning (DRL) has shown considerable
promise in inventory control applications [62]. Whilst a wide
array of DRL algorithms is available, proximal policy opti-
mization (PPO) is widely considered to be easy to tune for
such problems [63], though it may not be able to outperform
heuristics in all circumstances [64]. Moreover, to prevent
the state-action space from becoming prohibitively large in
large-scale problems, PPO often requires customization of the
method. An example is to reduce the action space by using
knowledge of optimal solutions for small problem instances,
and applying this knowledge to larger problem instances [65],
[66]. In response to limitations of PPO, DRL algorithms
tailored specifically to the challenges of inventory control
have been proposed the difficulties of inventory control have
recently been proposed [8], [67], which have been shown
to support scalability when paired with algorithmic enhance-
ments based on problem-specific insights [68]. DRL is able
to learn adaptive, situation dependent strategies, in contrast
to traditional models that often rely on static policies. The
ability to learn adaptive strategies is especially useful in
scenarios with non-stationary demand and/or complex supply
chain dynamics [69], [70], [71].

3) Implementation: The implemented model addresses the
capacitated production inventory control problem, striving
to deliver solutions rapidly and with near-optimal quality.
Consequently, a DRL approach utilizing the PPO algorithm
is developed as the policy generator within the supply chain
simulation framework. This DRL model receives input in the
form of state information for each item, including available
production capacities, current inventory levels, and forecasted
demand for multiple upcoming periods. Based on this input,
the model determines production decisions—specifically, the
quantity of each product to produce and the resources or
supply chains to employ. To enhance computational efficiency
and manage complexity, both the action and state spaces are
discretized. This discretization reduces the complexity and size
of the problem, facilitating faster convergence of the DRL
model toward an effective policy. Additionally, action masking
is applied to exclude infeasible production decisions due to ca-
pacity constraints. Action masking identifies infeasible actions,
setting their selection probability to zero, thereby preventing
the DRL agent from exploring irrelevant or impossible state-

action combinations. This targeted exploration significantly
accelerates the training and convergence process [66].
To assess the effectiveness of the implemented DRL model, it
is bench-marked against a (S,Q) base-stock policy in a realistic
multi-objective setting. This policy orders items in each period,
until the inventory position is above the safety stock level S,
it can only order in multiples of Q items. In situations with
ample capacity, this policy will mimic the behavior of LP
models closely.

4) Results: To compare the two approaches, fifty agents
were trained using the same PPO algorithm and subsequently
evaluated against a baseline base-stock policy. The DRL mod-
els consistently achieved higher cumulative rewards relative
to the base-stock counterparts. In addition, the variance in
overall performance was lower for the DRL models, indi-
cating more stable aggregate outcomes. However, variance
across individual objectives was notably higher, suggesting
that DRL agents converged to multiple distinct strategies,
each capable of attaining similar near-optimal rewards. This
phenomenon can be attributed to the inherent stochasticity of
DRL training, which arises from factors such as distributional
action sampling, variability in the training environment, and
the complexities of non-convex optimization landscapes [72].
While the ability to discover diverse high-performing strategies
enhances the model’s exploratory capacity, it comes at the cost
of reduced transparency. In particular, the absence of a clear,
explainable policy may undermine user trust in the model’s
recommendations [73].
Another finding is that the DRL agents effectively leverage
the future demand forecast embedded within the state-space
to anticipate and proactively plan for substantial fluctuations
in demand. In contrast, the benchmark model lacks this capa-
bility; as a result, when demand shifts abruptly, its response
lags, leading to suboptimal planning and stock-outs.

5) Scalability: The current implementation has been ap-
plied to a small subset of real-world data; however, for the
model to provide tangible business value, it must be scaled
to life-sized datasets. To achieve this, several strategies can be
employed. Transfer learning offers a promising solution by al-
lowing a model, trained on a generalized smaller dataset, to be
adapted for larger datasets, thus reducing training time without
compromising performance [74]. Initial experiments applying
transfer learning to this problem have produced encouraging
results. Furthermore, graph-based approaches, such as the
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integration of graph databases and graph neural networks,
can enhance both generalization and scalability, outperforming
traditional neural networks that rely on relational databases
[75]. Another viable strategy involves the use of mixture of
expert (MoE) models. By activating only subsets of neurons
relevant to specific product groups, MoE models enable a
single DRL framework to efficiently manage extensive and
diverse product portfolios. This approach avoids the added
complexity of multi-agent systems while maintaining high
levels of performance [76].

C. Reel Utilization in Production by 3D Printing

1) Problem Description: In industrial additive manufactur-
ing (AM), production relies on filament reels as the primary
consumable. Each job depletes a portion of a reel, with varying
consumption amounts depending on component complexity
and size. Efficient utilization of these reels is essential to
minimize material waste, avoid mid-print interruptions, and
reduce downtime caused by frequent reel replacement.

The underlying optimization challenge mirrors a dynamic
variant of the Cutting Stock Problem (CSP), where each
incoming component request must be assigned to one of the
available reels, which may have partial remaining capacity.
However, unlike classical CSPs, this is an online decision-
making problem as component requests arrive sequentially
in real time, and each assignment must be made in real
time without knowledge of future demands. Furthermore, the
objective function explicitly incorporates the cost associated
with residual filament that remains unusable for subsequent
print jobs due to insufficient remaining capacity.

2) Heuristics: Conventional industrial practice employs
simple greedy heuristics, such as First Fit or Best Fit De-
creasing, to assign jobs to reels. A commonly used rule
prioritizes assigning a job to the smallest available reel that
can accommodate it, thereby conserving larger reels for fu-
ture tasks. While computationally efficient and interpretable,
these heuristics disregard long-term consequences, such as the
accumulation of unusable leftovers and the stochastic nature
of job sequences. This often results in suboptimal resource
utilization and increased material waste.

Offline strategies considers a list of component requests
in advance and solve the problem with integer programming
techniques. However, these methods are inapplicable in real-
time production environments characterized by high product
variability, dynamic demand, and uncertainty, where immedi-
ate, adaptive decision-making is required.

3) Reinforcement Learning Approach: To address these
limitations, we model the reel assignment problem as a
Markov Decision Process (MDP). The state space comprises
the current filament levels of all active reels, together with the
filament requirement of the incoming component request. The
action space consists of assigning the component request to
one of the available reels. The goal is to minimize average
filament waste while ensuring that all jobs are assigned and
completed.

We introduce an index-based heuristic policy, assigning to
each possible reel capacity a computed priority index that

reflects its future cost given the current job and reel state.
We employ Deep Controlled Learning [8], an approximate
policy iteration framework, where the index policy is refined
through repeated evaluation and improvement steps using
Deep Reinforcement Learning techniques. This allows us to
maintain a low-dimensional, interpretable control policy while
incorporating long-term reward optimization.

4) Results: We assess the performance of our proposed
approach through a comparative analysis involving three poli-
cies: a baseline random policy, the index policy derived from
structural problem analysis, and a DRL-enhanced index policy
obtained via approximate policy iteration. The random policy,
which assigns jobs to reels uniformly at random, serves as a
naive benchmark. The index policy introduces a rule based reel
selection that leverages the filament requirement distribution
of the component requests to guide decisions. Finally, the DRL
policy learns to adaptively refine this structure by estimating
long-term value under uncertainty.

Experimental and theoretical results demonstrate that the
index policy significantly outperforms the random baseline
in terms of waste reduction. Furthermore, the DRL-enhanced
policy consistently outperforms the static index policy.

5) Research Implications: This case study highlights the
potential of integrating structural modeling with reinforcement
learning to address dynamic, real-time scheduling challenges
in resource-constrained manufacturing systems. The proposed
index-based formulation, combined with DRL-driven policy
refinement, offers a promising balance between interpretabil-
ity, scalability, and performance. It demonstrates how rein-
forcement learning can be effectively tailored to discrete,
resource-constrained environments by embedding problem
structure into the policy design.

From a broader perspective, this work aligns with the
objectives of Industry 5.0 by enabling intelligent and sustain-
able decision-making practices. In particular, it illustrates how
adaptive control strategies can reduce material waste, enhance
resource utilization, and support more flexible, demand-driven
production systems in additive manufacturing.

D. Long-Term Rapid Scenario Planning in the Semiconductor
Industry using DRL

1) Problem Description: In the semiconductor industry,
effective supply chain planning is crucial given the complexity
and global nature of manufacturing processes. Traditional
planning methods often rely on Mathematical Programming
(MP) models that provide optimal solutions but suffer from
high computational complexity. At NXP Semiconductors N.V.,
the challenge is compounded when rapid adjustments are
required due to unforeseen events, where planners manually
update production plans generated by MP models. This manual
approach frequently leads to suboptimal resource utilization
and inefficiencies. Thus, there is a critical need for automated,
near-optimal solutions that can swiftly respond to dynamic
changes in supply chain conditions.

2) Current Approaches and Limitations: Presently, NXP
utilizes MP models primarily for weekly planning. However,
daily updates required by unexpected occurrences cannot be
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efficiently managed by these models due to computational
delays. Dispatching Prioritization Rules (DPRs), both generic
and tailored, offer faster solutions but lack the capability
for long-term, strategic decision-making, often leading to
inefficiencies and underutilized resources. Consequently, rapid
scenario planning at NXP requires an agile, scalable solution
capable of handling dynamic conditions effectively.

3) Deep Reinforcement Learning Approach: To overcome
these limitations, a Deep Reinforcement Learning (DRL)
framework is proposed [55], leveraging its strength in han-
dling large-scale, sequential decision-making problems. The
approach is formalized as a Markov Decision Process (MDP),
with clearly defined states, actions, and rewards:

• State Space: Incorporates detailed information regarding
remaining capacities for each week and supply path, as
well as unplanned orders categorized by priority and due
date.

• Action Space: Defines actions as allocations of orders to
specific supply paths and production weeks, considering
capacities and Just-In-Time (JIT) scheduling constraints.

• Reward Function: Immediate feedback is provided
based on lateness of scheduled orders and final cumu-
lative shortages, weighted by customer priority.

Two key DRL algorithms were explored:
1) Proximal Policy Optimization (PPO): Balances explo-

ration and exploitation with clipped policy updates.
2) Deep Controlled Learning (DCL): An approximate

policy iteration algorithm [8] transforming RL into a
supervised learning classification problem.

4) Results: The DRL framework, particularly the DCL
algorithm, demonstrated significant advantages. In scenar-
ios with varying degrees of stochasticity, DCL consistently
matched or slightly outperformed tailored DPRs while drasti-
cally reducing runtime compared to MP models. For instance,
with low randomness, DCL showed objective values compara-
ble to tailored DPRs, while PPO’s performance lagged behind.
Under higher stochastic conditions, DCL maintained superior
performance, reinforcing its robustness and adaptability to
dynamic order distributions.

5) Implications and Scalability: The DRL-based solution
proves especially effective for rapid, scenario-driven adjust-
ments in supply chain planning. Its ability to adapt to stochas-
tic environments ensures sustainable and efficient resource
allocation. Although DRL requires substantial initial training,
its subsequent operational deployment significantly reduces
decision-making latency.

Future enhancements to this DRL approach could involve:
• Shortening planning horizons for improved learning effi-

ciency.
• Integrating real-time order arrivals for dynamic respon-

siveness.
• Expanding supply path options to address the dimension-

ality challenge while retaining flexibility.
Overall, leveraging DRL in semiconductor supply chain

planning presents a promising direction, effectively balancing
long-term strategic objectives with the agility required for
rapid decision-making.

E. Differentiable physics for robot motion planning
1) Description: This chapter introduces the application

of differentiable physics (DP) for trajectory optimization in
robotic (UR5) manipulation and provides a systematic compar-
ison with reinforcement learning (RL) method Proximal Policy
Optimization (PPO), a widely recognized baseline in robotic
learning tasks. Using DP, the robotic arm adaptively learns to
reach the goal state and optimizes control parameters through
gradient-based learning. The optimization process is governed
by a loss loss function measures the deviation between the
current state and the target state, and gradients are propagated
through the simulator to update the control variables.

The proposed algorithm is integrated into a broader robotic
system that includes: a code synthesis tool for robot control,
a robot control system that integrates machine vision, robot
motion planning and execution, and 6D object pose estimation
[25]. The algorithm is evaluated via comparison with Proximal
Policy Optimization (PPO), a method widely recognized as
one of the most suitable approaches for robotic learning
tasks. DP-based training is expected to reduce the sim-to-real
gap, produce smoother trajectories, and improve placement
accuracy. Incorporating DP into the training process further
facilitates rapid adaptation to new tasks, thereby enhancing
the robustness and flexibility of motion planning in robotic
manipulators.

2) Task Setup and Simulation: To assess the effectiveness
of DP in improving task performance, two bottle-insertion
scenarios are considered. The first scenario involves insertion
into a stationary socket, while the second introduces a dynamic
setting in which the socket moves along a conveyor belt
and stops at unpredictable positions. This dual setup enables
evaluation under both controlled and partially uncertain envi-
ronmental conditions [24].

A UR5 robotic manipulator, pre-equipped with a bottle,
initiates each task from a randomly sampled position above
the conveyor system. This randomized initialization increases
variability across trials and prevents overfitting to a fixed
starting configuration. The interaction between the robotic
arm and the environment is modeled using a PD simulator
Nimble Physics (NP). At each control step, the current joint
states of the robot, together with the position of the target
socket, are provided as inputs to a feedforward neural network.
The network outputs joint torques that drive the manipulator
toward successful insertion. To promote smooth and adap-
tive control behavior, the network architecture incorporates
sinusoidal input encoding, GELU activation functions, and
instance normalization. These components contribute to stable
gradient propagation and enable the generation of continuous
and responsive control signals throughout task execution.

3) Training: The model is trained in the Nimble Physics
simulator, allowing gradients to propagate over time using
backpropagation through time. This allows the optimization
process to account for long-horizon dependencies between
control actions and the resulting system states. The objec-
tive function consists of multiple components designed to
enforce task specific constraints. A primary term minimizes
positional error between the bottle and the target socket,
ensuring accurate alignment. An additional term maintains
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upright orientation during insertion. A velocity-regularization
component penalizes excessive end-effector speed, promoting
controlled motion, while a smoothness term reduces abrupt
variations in joint torques to generate continuous trajectories.
The objective is defined by the composite loss function shown
in the Fig. 2 :

L = Lpos + λoLorien + λcLcontact + λvLvel.

Each term of the loss function enforces a task-specific
constraint. The position term is defined as

Lpos = ∥Pbottle − Ptarget∥2,

where Pbottle denotes the position of the bottle and Ptarget

represents the position of the socket target. This term min-
imizes positioning error. The orientation term maintains the
correct upright orientation:

Lorien = ∥Rbottle −Rupright∥2,

where Rbottle is the current orientation and Rupright denotes
the desired upright configuration. To address contact interac-
tions, rigid collision responses are replaced with differentiable
penalty functions:

Lcontact = ϕ(d),

where d denotes the signed distance between interacting bodies
and ϕ is a smooth penalty function. This ”soft-contact” formu-
lation preserves gradient flow while guiding the bottle toward
insertion from above without introducing non-differentiable
discontinuities typical of rigid-body contacts. To promote
stable motion, velocity regularization is introduced:

Lvel = ∥ve∥2,

where ve represents the end-effector velocity. To address
contact interactions, rigid collision responses are replaced with
differentiable penalty functions. This soft-contact formula-
tion preserves gradient flow while guiding the bottle toward
insertion from above without introducing non-differentiable
discontinuities typical of rigid-body contacts.

Optimization is performed over 500,000 training iterations
using the Adam optimizer, enabling stable convergence under
gradient-based updates.

4) Results and Analysis: The robot is trained using the DP
and RL approaches in two variant tasks: with a fixed socket
and a moving socket. In both cases, the objective is to insert
a bottle with high precision, speed, and stability (see in the
Fig. 3)[24].

In the fixed socket scenario, the controller trained in DP
achieved a success rate of 94%, compared to 92% for RL.
The DP method also showed better accuracy, with an average
positional error of 1.21 mm (vs 4.32 mm for RL) and an
orientation deviation of 0.21◦ (vs 0.58◦ for RL). Additionally,
the DP approach produced slightly shorter and smoother
trajectories (0.35 m vs. 0.38 m). In the more challenging task
of moving the socket, the DP controller maintained a success
rate of 84%, which is close to the 87% achieved by RL. This
is explained by the fact that RL training used a much larger
number of steps (12 million) compared to the DP method

Timestep
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Fig. 2. DP training loss: red fixed socket scenario; blue moving socket
scenario.

Fig. 3. Simulation of a UR5 robot arm that needs to insert a bottle into a
designated socket.

(500K). The DP model was trained from scratch for both
scenarios (500k iterations each). In contrast, the RL model
was first trained on the fixed-socket task for 4 million steps
and then fine-tuned for an additional 8 million steps on the
moving-socket task.

However, the DP model again outperformed in accuracy,
showing an average positional error of 1.51 mm (compared
to 5.36 mm) and an orientation error of 0.23◦ (compared to
0.68◦). DP trajectories were also more efficient, averaging 0.36
m compared to 0.43 m with RL.

These results highlight that while RL can achieve compara-
ble success rates, DP consistently yields more precise, stable,
and physically realistic trajectories, with lower deviation and
faster per-action computation (0.3 ms), making it especially
suitable for real-time deployment.

5) Conclusions: The DP training approach enables efficient
learning of precise and physically consistent motion plans.
Unlike RL, it requires less training time and provides more
stable trajectories. This positions DP as a practical tool for
industrial tasks involving contact-rich dynamic manipulation,
with ongoing work focusing on integrating camera-based
perception and extending the method to real-world hardware.
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IV. IDENTIFICATION OF THE RESEARCH GAPS – FOR
INDUSTRY 4.0/5.0

Despite the remarkable progress in applying Deep Rein-
forcement Learning (DRL), Evolutionary Strategies (ES), and
Differentiable Physics (DP) to industrial scheduling, control,
and supply chain optimization, several key research gaps
remain, particularly in the context of Industry 4.0 and 5.0:

1. Lack of Generalization Across Use Cases and Environments
Many DRL models and heuristic optimizations are highly

tuned to specific problem instances or environments. This lim-
its their transferability across different manufacturing setups,
supply chain configurations, or robotic systems. There is a
clear lack of reusable software, as well as techniques for
making algorithms broadly applicable, in this domain.

2. Integration of Human-AI Collaboration
Industry 5.0 emphasizes human-centric design and human-

AI collaboration. However, most current DRL or optimization-
based methods operate as black-box solvers without mecha-
nisms for interpretability, controllability, or integration with
human decision-making. Research is needed into hybrid
frameworks that allow operators to guide, intervene in, or
understand the reasoning of the algorithm.

3. Scalability and Real-Time Constraints
As demonstrated in supply chain and scheduling use cases,

scalability remains a limitation. While such limitations have
been overcome in related domains [77], there remains a need
for hardware-efficient learning frameworks and scalable DRL
techniques.

V. CONCLUSION

This chapter has reviewed the recent advances in applying
Deep Reinforcement Learning, Evolutionary Strategies, and
Differentiable Physics to industrial scheduling, supply chain
planning, and robotic control. We explored the foundational
principles of these methods and showcased their application
in high-impact use cases, from wafer lot scheduling in semi-
conductor manufacturing to supply chain master planning, 3D
printing reel optimization, and robot motion planning.

These approaches promise more adaptive, scalable, and
robust decision-making systems that align with the evolving
goals of Industry 4.0 and 5.0—namely, increased automation,
flexibility, and human-machine collaboration. However, tran-
sitioning from academic success to industrial impact demands
further progress in several key areas: improving generalization,
enhancing interpretability, reducing simulation dependence,
and integrating uncertainty-aware learning.

The combination of DRL, ES, and DP offers a powerful
toolkit. When aligned with domain expertise and industry
requirements, these technologies can shift traditional optimiza-
tion paradigms toward autonomous, self-adaptive, and intelli-
gent industrial systems. As industrial AI evolves, continued
cross-disciplinary collaboration between AI researchers, engi-
neers, and domain experts will be crucial to closing remaining
gaps and ensuring sustainable, human-centered innovation in
manufacturing and logistics.
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