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Abstract—With the advancement of semiconductor manufac-
turing technology, multifunctional process modules (MPMs) have
been widely adopted in cluster tools to enhance production
flexibility and efficiency by handling multiple operations con-
currently. However, the MPMs lead to challenges in scheduling
the robot due to a variety of configurations, complex robot
action sequences, and regulating wafer postprocessing residency
time. For scheduling such a dual-arm cluster tool (DACT) with
MPMs, this article proposes a specific reinforcement learning-
based scheduling method. We first develop an adaptive algorithm
to generate all feasible MPM configurations. We then employ the
masking technique and prioritize a replay experience buffer to
improve the dueling double deep Q-network (D3QN), enabling
it to train and identify scheduling strategies that minimize
makespan and reduce wafer residency time under each con-
figuration. We conduct experiments to demonstrate that the
proposed method ensures high productivity, providing a robust
and flexible scheduling solution for cluster tools in semiconductor
manufacturing, and significantly enhances overall production
performance.

Index Terms—Cluster tools, deep reinforcement learning,
scheduling, semiconductor manufacturing, wafer fabrication.

NOMENCLATURE

αi Time required to fabricate a wafer at
step i.

c Time needed for the robot’ simple
swap.

j& j+1 Indices of two successive multifunc-
tional steps.

k Number of MPMs.
l Number of SPMs.
mi Number of process modules at step i.
N+

q = {1, 2,..., q}, q is a positive integer.
Nq = N+

q ∪{0}.
n Number of steps for processing a

wafer.
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PM Process modules in a cluster tool.
PSi PMs for step i.
R Robot in a cluster tool.
S i ith processing step for processing a

wafer.
Swap i Wafer exchange operation between the

PSi.
µ R’s moving time between two succes-

sive steps.
λ Time that R spends in unloading or

loading a wafer.
δi Longest time that a wafer can remain

at PSi.
τi Sojourn time of a wafer at PSi.
ΠiL Shortest time for finishing a wafer at

step i.
ΠiU Longest time for finishing one wafer

at step i.
Θ Cycle time of a cluster tool.
ψ1 Total activity time of R during a cycle.
Π Workload of a cluster tool.
WFP Wafer flow pattern denoted by (m1,

m2, . . . ,mn).

I. INTRODUCTION

W ITH the increasing demand for semiconductor chips,
the complexity and precision requirements of manu-

facturing processes have also been continuously rising. As
efficient and precise manufacturing equipment, cluster tools
significantly enhance manufacturing efficiency by integrating
multiple single-wafer process modules (PMs) and efficient
transport systems. A cluster tool comprises multiple single-
wafer PMs, a wafer transport robot (either single-arm or
dual-arm), and loadlocks (LLs) for loading and unloading
wafer cassettes. Once a wafer cassette is loaded into LLs,
the robot sequentially unloads the wafers and loads them into
the PMs according to the specified processing order. After
all operations are completed, the wafers are returned to LLs.
Cluster tools can be categorized into single-arm cluster tools
(SACTs) and dual-arm cluster tools (DACTs). As shown in
Fig. 1, in an SACT, a single-arm robot transports wafers,
whereas in a DACT, a dual-arm robot transports wafers.
Due to the higher efficiency of dual-arm robots compared to
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Fig. 1. Cluster tools. (a) Single-arm robot. (b) Dual-arm robot.

single-arm robots, DACTs are more frequently employed [1],
[2], [3], [4], [5], [6], [7], [8], [9], [10], [11], [12].

The diverse nature of wafer fabrication processes results
in varying requirements for cluster tools, depending on the
specific processes involved. Wafer residency time constraints
(WRTCs) require that a wafer be unloaded from the processing
module within a particular time after processing. Failing to do
so may result in wafer damage due to high temperatures or
chemical residue. Such constraints are particularly prevalent
in processes such as low-pressure chemical vapor deposition
(LPCVD) and atomic layer deposition (ALD) [7], [13], [14],
[15], [16]. For SACTs and DACTs with such constraints, [17]
and [18], respectively, provide the necessary and sufficient
conditions for schedulability, along with an optimal one-wafer
periodic schedule in a steady state. Additionally, [19] employs
timed Petri nets to analyze a DACT to find a noncyclic
schedule.

Under WRTCs, cluster tools sometimes fabricate multi-
ple types of wafers together. To address the challenge of
efficiently processing multiple wafer types, [14] proposes a
closed-form based algorithm for scheduling the processing of
multiple wafer types in SACTs under WRTCs in a steady
state. Additionally, [20] presents a method to determine the
minimum cycle time for DACTs under the same constraints.
Other approaches to address similar scheduling problems have
also been studied [7], [11], [21], [22], [23], [24].

Processing a batch of wafers involves three stages: 1) start-
up; 2) steady-state; and 3) close-down. The first and third
stages are referred to as transient processes, during which
unexpected errors are more likely to occur. The transient-state
scheduling problem for DACTs is studied in [8], while [25]
and [26] optimize the start-up and close-down processes of
SACTs, respectively. In steady-state scheduling, cyclic sched-
ules are commonly used due to their operational simplicity
[14], [27], [28]. The cleaning operations for SACTs and
DACTs with parallel chambers are studied in [29] and [9],
respectively. Residual chemicals and impurities accumulate in
the chambers during wafer processing, which, if not cleaned
before reaching a certain threshold, can damage the wafers.
Qiao et al. propose using virtual wafers to facilitate clean-
ing operations [30], while [31] addresses the same problem

in multicluster tools. Although scheduling multicluster tools
is more challenging, their higher production efficiency has
motivated extensive research to develop effective scheduling
solutions [8], [20], [21], [22], [31], [32], [33], [34], [35], [36].
Reinforcement learning has been introduced into scheduling
cluster tools [37] and testing facilities [38] in semiconductor
manufacturing, enabling adaptive, advanced functionality.

The above studies are all based on single-function PMs
(SPMs). Since SPMs can perform only one operation at a time,
recent research in the wafer fabrication industry has focused on
multifunctional PMs (MPMs) to enhance equipment productiv-
ity and flexibility [32]. MPMs can perform multiple functions
without requiring wafer transfer between operations, and they
can also be configured to perform only one of the operations if
needed. Coating cluster tools incorporating MPMs have been
applied in semiconductor manufacturing for light-emitting
diodes (LEDs). The coating process consists of four steps:
wafer cleaning, photoresist coating, soft baking, and cooling.
For the first two steps, MPMs can quickly switch between
water supply and photoresist application, allowing consecutive
operations with minimal switching time. The subsequent soft
baking and cooling steps are carried out individually by
corresponding SPMs. Therefore, the configuration of MPMs
significantly impacts the efficiency of the coating cluster tools
by influencing switching time and throughput.

However, scheduling DACTs with MPMs faces the follow-
ing challenges.

1) Dynamic configuration complexity. The operational
steps of MPMs must be dynamically adjusted according
to the processing recipe. This flexibility significantly
increases scheduling complexity, particularly in module
switching and resource allocation. Dynamic optimiza-
tion strategies are required to balance task-switching
costs and system efficiency while satisfying real-time
scheduling requirements.

2) A wide variety of robot sequences across three phases.
A DACT with MPMs undergoes start-up, steady-state,
and close-down phases, which require entirely different,
coordinated robot actions among MPMs and SPMs to
complete multiple processing steps, dynamic switching
between modules, and parallel task execution. It is
difficult to apply a single method to schedule the robot
to finish three phases.

3) Biobjective optimization requirements. As the circuit
width decreases, wafer processing technologies impose
strict constraints on wafer residency time. Shorten-
ing the wafer postprocessing residency time is also
crucial to ensure high-quality circuits. However, tra-
ditional methods often struggle to effectively optimize
the makespan and wafer postprocessing residency time,
which demands computational efficiency under complex
system scales and dynamic process constraints.

To address the challenges above, this study achieves the
following innovative contributions in both theory and practice.

1) We propose a scheduling algorithm, dueling double
deep Q-network (D3QN) with a mask mechanism and
prioritized experience replay (PER), named MD3QN.
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By introducing the mask mechanism, the algorithm
effectively reduces the exploration of invalid actions in
large decision spaces, thus improving the convergence
speed and stability of the training process. PER allows
the algorithm to prioritize the reuse of high-priority
experiences during training. PER is particularly effective
for a cluster tool during transitions between steady and
transient states, accelerating learning.

2) We propose a comprehensive scheduling optimization
scheme encompassing the entire operational sequence
from the start-up and steady-state stages to the close-
down stage. This scheme can provide the complete
sequence of robotic arm actions required to process a
batch of wafers, aiming to minimize the makespan. The
scheme effectively handles the different robot operation
sequences among the three stages.

3) Dual objective optimization and trade-off scheme:
throughout the scheduling process, in addition to mini-
mizing the makespan, this study also emphasizes wafer
postprocessing residency time. The scheme prioritizes
reducing the wafer residency time in cases requiring
trade-offs while accepting a nonminimal makespan.
Through this dual-objective optimization strategy, the
proposed method provides efficient and automated
scheduling decisions for practical production scenarios,
enhancing the system’s flexibility and overall efficiency.

In Section II, we describe the problem. Section III presents
an algorithm to find valid MPM patterns. Section IV details the
D3QN reinforcement learning algorithm with masks and PER.
Section V demonstrates how we apply the proposed methods
to solve real-world examples. Finally, Section VI concludes
this article.

II. PROBLEM DESCRIPTION

Let n > 2 stand for the number of process steps in a DACT.
An MPM can perform one or two functions (steps). Let j and
j + 1 denote the indices of two successive multifunctional
steps. Among these steps, consecutive steps j and j + 1
( j < n) are possible to be executed using MPMs, where j is
specified by the engineer. Depending on the allocation strategy,
the execution of steps j and j + 1 can follow two options.

1) Combined Processing: Steps j and j + 1 are executed
together by the same MPM, forming a combined step
denoted as j& j+1. In this case, the two steps are treated
as a single unit, and their execution sequence does not
require separate scheduling.

2) Independent Processing: Steps j and step j + 1 are
executed independently by two separate MPMs. The
two steps are treated as distinct processes that require
scheduling and resource allocation.

Except for steps j and j + 1, other steps are executed
using SPMs whose processing is not affected by the allocation
strategies of the multifunctional modules.

Let mi denote the number of PMs at step i, where i ∈ N+
q =

{1, 2, . . . , q} and q is a positive integer. Treating steps j and j+
1 independently may enhance scheduling flexibility and enable
more efficient resource utilization under certain operational

conditions. Let m j& j+ 1 denote the number of MPMs assigned
to process the combined step j& j + 1. Note that mi, i ∈ { j,
j + 1}, indicates the number of MPMs allocated for step i.

For a DACT, let k stand for the number of MPMs and l stand
for the number of SPMs, k ∈ N+

q \{1}, l ∈ N+
q \{1}). Allocating

different MPMs to perform step j (m j), step j + 1 (m j+1),
and step j& j+ 1(m j& j+1) should adhere to the following two
MPM-configuration conditions:

1) m j + m j+1 + m j& j+1 = k;
2) (m j& j+1 = k and m j = 0 and m j+1 = 0) or (0 ≤ m j& j+1 <

k and m j > 0 and m j+1 > 0).
In this study, all MPMs must be fully utilized without any

idleness; thus m j + m j+1 + m j& j+1 = k. Additionally, since
m j represents the number of MPMs allocated to step j, m j >
0 indicates that at least one MPM is allocated to step j. In
order to ensure process continuity, at least one MPM must be
allocated to step j+ 1. Otherwise, after completing step j, no
MPM would be available for step j+ 1, resulting in violating
operational requirements. Similarly, if m j+1 > 0, m j must also
be positive; otherwise, the MPMs allocated to step j+1 would
become idle.

Allocation patterns that fail to meet the rules above are
considered invalid. Let < m j& j+ 1, m j, m j+ 1 > represent valid
MPMs allocation patterns, where each element denotes the
number of MPMs assigned to step j& j + 1, step j, and step
j + 1, respectively. We must identify all the valid patterns and
select one for processing a batch of wafers, which is presented
in Section III.

In semiconductor manufacturing, many processes require a
wafer to be unloaded promptly after processing. For example,
the photoresist coating step aims to apply the photoresist
material uniformly onto the wafer surface. Due to the substan-
tial solvent residue in the photoresist layer after coating, the
diffusion of these solvents can adversely affect the dimensional
accuracy and sidewall profile of the photoresist. Therefore, it
is essential to promptly transport the wafer to the soft bake
step to remove these solvents and cure the photoresist layer.
Shortening the wafer postprocessing residency time is crucial
to enhancing the stability of the photoresist layer.

Therefore, the scheduling objective is to optimize the
makespan and wafer postprocessing residency time.

III. ALLOCATING MPM TO PROCESS STEPS

We propose Algorithm 1 to generate all valid patterns afore-
mentioned. By inputting k, l, and j, the algorithm generates
all valid patterns based on the specified constraints.

Let k = 3, l = 4, and j = 1 as examples. As shown in
Fig. 2, after all invalid patterns are excluded, the remaining
valid patterns are <3, 0, 0>, <1, 1, 1>, <0, 2, 1>, and <0, 1,
2>. Based on the different values of m j, j+1, m j, and m j+1, the
patterns can be classified into three cases:

1) m j& j+1 = k and m j = m j+1 = 0;
2) m j& j+1 > 0, m j > 0, and m j+1 > 0;
3) m j& j+1 = 0, m j > 0, and m j+1 > 0.
For cases 1 and 3, the wafer flow patterns (WFPs) are

(m1, . . . ,m j−1, m j& j+1, m j+2, . . . ,mn) and (m1, . . . ,m j−1, m j,
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Algorithm 1 Generate Valid Patterns and WFPs
1. Input k, l, and j // j and j + 1 are the indices of steps

with MPMs
2. Initialize patterns and WFPs.
3. For m j& j+1 ← 0 to k do.
4. for m j ← 0 to k − m j& j+1 do.
5. m j+1 ← k–m j& j+1–m j:pattern < m j& j+1, m j, m j+1>.
6. If MPM-configuration conditions hold Then
7. Add the pattern to patterns.
8 WFP ← (pattern, l).

9. Add the WFP to WFPs.
9. END If

10. End For
11. Output patterns and WFPs.

Fig. 2. Valid WFPs. (a) (3, 0, 0). (b) (1, 1, 1). (c) (0, 2, 1). (d) (0, 1, 2).

m j+1, m j+2, . . . ,mn). In case 1, the sequence of wafer pro-
cessing steps is S 1 → S 2 → . . . → S j−1 → S j& j+1 →

S j+2 → . . .→ S n. In case 3, the wafer processing sequence is
S 1 → S 2 → . . . → S j−1 → S j → S j+1 → S j+2 → . . . → S n.
There is only one path for the wafer processing steps for these
two cases. Furthermore, the corresponding scheduling methods
for these scenarios have already been proposed in [4] and [39].

In case 2, the WFPs are (m1, . . . ,m j−1,
m j& j+1,m j+2, . . . ,mn) and (m1, . . . ,m j−1, m j, m j+1,
m j+2, . . . ,mn). This indicates that there are two
processing paths: 1) S 1 → S 2 → . . . →

S j− 1 → S j& j+1 → S j+2 → . . . → S n and 2)
S 1 → S 2 → . . . → S j−1 → S j → S j+1 → S j+2 → . . . → S n.
This implies that after executing step j – 1, the wafer can
follow two possible processing routes.

Specifically, the patterns in Fig. 2 correspond to these
cases. Pattern (a) corresponds to case 1, where all wafers are
processed by the combined step 1 & 2. Pattern (b) corresponds
to case 2, where wafers may take either the combined route

S1&S2 or the sequential route S1 → S2. Patterns (c) and (d)
correspond to case 3, where no wafers undergo the combined
step, and all must go through S1 and S2 sequentially.

In particular, case 2 introduces additional scheduling chal-
lenges, since multiple feasible processing routes coexist. The
scheduler must determine not only the wafer sequence but also
the appropriate allocation between the combined and inde-
pendent steps, which significantly increases complexity. The
dynamic selection between alternative routes is highly com-
binatorial, making it difficult for traditional static scheduling
methods to find optimal solutions. This complexity motivates
the adoption of adaptive decision-making strategies, such as
reinforcement learning, which can learn optimal or near-
optimal scheduling policies by interacting with the system and
dynamically handling multiple feasible processing routes.

However, no existing studies have specifically addressed the
scheduling problem of DACTs with MPMs. This work aims to
utilize a reinforcement learning approach, as detailed later, to
schedule the entire process, covering its start-up to close-down
stages.

In a semiconductor cluster tool, the number of processing
modules is typically no more than eight, and the number of
MPMs ranges from three to six, which means the total number
of feasible configurations remains limited (e.g., fewer than
16 in our case); therefore, the computational complexity of
Algorithm 1 is polynomial.

IV. MD3QN SCHEDULING ALGORITHM

In this section, we first define the environment of a DACT
with MPMs for reinforcement learning. Then, we extend
the D3QN algorithm by incorporating mask techniques and
a prioritized replay buffer, which significantly enhances the
efficiency of the exploration process.

A. Environment Definition

In reinforcement learning, a Markov decision process
(MDP) can model dynamic systems with inherent randomness
and decision-making characteristics from real-world problems.
It is defined by the tuple 〈S , A, P,R〉, where S represents the
state space, encompassing all possible states of the system; A
denotes the action space, defining the set of actions triggered
by each state; P (s′|s, a) is the state transition probability,
describing the probability distribution of transitioning to the
next state s′ when action a is taken in state s; and R (s, a)
is the reward function, which evaluates the immediate reward
obtained by executing action a in state s.

In an MDP, the current state s is sufficient to fully charac-
terize the system’s dynamics, making future states dependent
only on the current state and the action taken, independent
of the past states. The goal of reinforcement learning for an
MDP is to determine an optimal policy π∗ that maximizes the
expected cumulative discounted reward G = E

�P∞

t=0 γ
tRt
�
,

where γ is the discount factor balancing the importance of
short-term and long-term rewards.

When scheduling DACT with MPMs, the decision-making
process must be based on the current state of each PM and its
associated wafer to select the most appropriate robot action.

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 

Authorized licensed use limited to: Guangdong Univ of Tech. Downloaded on February 24,2026 at 01:28:37 UTC from IEEE Xplore.  Restrictions apply. 



ZHU et al.: SCHEDULING DUAL-ARM CLUSTER TOOLS WITH MULTIFUNCTIONAL PROCESS MODULES 5

We utilize the MDP to construct the reinforcement learning
environment for scheduling a DACT.

For the deep reinforcement learning environment, the valid
patterns generated by Algorithm 1 are used to configure the
wafer processing steps associated with PMs.

1) Actions: Action Swap i with i ∈ N+
q refers to the wafer

exchange operation between the PMs in step i. Swap i of
the robot involves unloading the processed wafer from a
PM in step i, followed by rotating two arms and loading
another wafer into the PM for processing. Specifically,
when the robot executes swap operations for PMs in step
1, it must move to LLs to unload a raw wafer and then
move to a PM in step 1. This process ensures that the
wafer is ready to be loaded into the PM as soon as the
unloading operation ends.

2) States: A state is composed of the following key
parameters.

a) WLL: Number of raw wafers in the LL.
b) S stg: Operation stage (start-up, steady-state,

close-down).
c) PArm: Positions of the two robot arms.
d) NPM: The number of wafers being processed.
e) TRP: The remaining processing time of a wafer in

a PM.
f) TRR: The allowable wafer residency time in a PM.
g) TIdle: Idle time of PM.

The dimensionality of the state space directly influences
both the efficiency and effectiveness of reinforcement
learning. While high-dimensional states can provide
more detailed information, enabling the agent to better
understand the environment, they can also lead to the
curse of dimensionality, which increases complexity and
slows learning.

3) Reward: The reward is given according to the observa-
tion of the cluster tool system.

Upon completing a batch of wafers, a reward of +1000
is granted to emphasize the primary objective of successful
scheduling. Conversely, a substantial penalty of −1000 is
applied to the violations of the basic operation rules, which is
imposed on violations of basic operation rules to avoid unsafe
behaviors or wafer loss required strictly in practical industrial
environments. A small reward of 30 indicates a successful
action. The effective utilization of parallel PMs leads to a
reward of five; otherwise, underutilization incurs a reward of
−5. Since the goal is to minimize the makespan, a penalty is
applied to the execution time of each action.

The reward magnitudes are empirically selected to balance
task completion, safety constraints, and efficiency objectives,
and the learning process mainly depends on relative reward
differences rather than absolute values.

The specific process is determined by the operation rules,
which identify the robot actions. First, one arm unloads the
processed wafer from a PM; then, the other arm rotates and
loads a new wafer into the same PM. This wafer is the one
that has been unloaded during Swap i–1. At this point, the
entire swap operation is completed. When i = 1, the action

involves loading the wafer from the LL into the first PM to
initiate processing.

We have the following rules to guide the robot actions.
1) If the arm is holding a wafer, it cannot execute the

unloading operation; conversely, if the arm does not hold
a wafer, it cannot execute the loading operation.

2) Each PM can process only one wafer at a time.
3) Wafers must strictly follow the predefined sequence of

processing steps.
By these rules, effective collaboration between the PM,

LLs, and the robot provides a solid foundation for the deep
reinforcement learning algorithm to optimize the makespan.

B. MD3QN Algorithm

Deep reinforcement learning combines the strengths of deep
learning and reinforcement learning, effectively integrating the
perceptual capabilities of deep learning with the decision-
making capabilities of reinforcement learning [40], [41], [42].
Traditional Q-learning is a foundational algorithm in rein-
forcement learning that finds optimal strategies by iteratively
updating a Q value table. The Bellman equation iteratively
updates Q-values based on observed transitions and rewards.
The update rule is given as

Q (st, at) = Q (st, at)

+ α
h
rt+1+γmax

a′
Q
�
st+1, a

′�
−Q (st, at)

i
(1)

where α is the learning rate, γ is the discount factor, rt+1
is the immediate reward, and maxa′Q(st+1, a′) represents
the estimated value of the best action in the next state. By
repeatedly applying this update rule, the Q-learning algorithm
converges to the optimal Q-values, enabling the agent to make
optimal decisions.

Instead of maintaining a Q-value table, DQN uses a deep
neural network as a function approximator to estimate the
Q-values, effectively bridging the gap between reinforcement
learning and deep learning.

To stabilize training and improve performance, DQN incor-
porates two key mechanisms. First, the experience replay is
employed, where transitions (st, at, rt, st+1) are stored in
a replay buffer. During training, mini-batches are randomly
sampled from this buffer, reducing correlation between updates
and ensuring more stable convergence.

Second, a target network is introduced to provide a stable
reference for Q-value estimation. This network, updated peri-
odically to match the primary Q-network, mitigates instability
caused by rapidly changing Q-values during the learning
process. These techniques allow DQN to handle complex,
high-dimensional tasks effectively. The Q-value update in
DQN is defined as

Q (st, at; θ) = rt+1 + γmax
a′

Q
�
st+1, a

′

; θ−
�

(2)

where θ represents the weights of the Q-network, and θ−

represents the weights of the target network. By periodically
synchronizing θ− with θ, the target network provides a more
stable training signal.
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D3QN extends DQN by integrating two key innovations:
double Q-learning and the dueling network architecture.
These techniques address limitations in Q-value estimation,
improving learning stability and performance in complex
environments [43], [44].

Double Q-learning mitigates the overestimation bias inher-
ent in standard Q-learning by decoupling the action selection
and value evaluation processes. Specifically, one Q-network
selects the action that maximizes the Q-value, while the other
network evaluates the Q-value of that action. This adjustment
results in more accurate value estimation, particularly in
noisy or stochastic environments. The target value in double
Q-Learning is calculated below

y j = r j +
�
1 − done j

�
× γ× Qθ−

�
s
′

, arg max
a′

Qθ

�
s
′

, a
′��

.

(3)

Here, r j represents the immediate reward, and (1− done j)
ensures that no future rewards are considered when the state
s′ is terminal (done j = 1). The discount factor γ balances the
importance of immediate and future rewards. The action a′

is selected using the current Q-network Qθ, while the target
Q-network Q−θ evaluates the Q-value of this action in the next
state s′. This decoupling of selection and evaluation reduces
overestimation and stabilizes the learning process.

The dueling network architecture further enhances the Q-
value representation by decomposing it into two separate
components: the state value function V(s), which estimates the
overall value of being in a state, and the advantage function
A(s, a), which measures the relative importance of each action
in that state. The Q value is then computed as follows:

Q (s, a; θ) = V (s; θ) + A (s, a; θ) −
1
|A|

X
a′

A
�
s,a

′

; θ
�
. (4)

Here, (1/|A|)
P

a′ A(s, a
′

; θ) ensures that the advantage function
is normalized to maintain numerical stability. By explicitly
modeling the value and advantage separately, the dueling
network architecture enhances learning efficiency, particularly
in scenarios where many actions have similar Q-values.

Due to the limitations of traditional experience replay
buffers, which sample uniformly and randomly without con-
sidering the varying importance of different experiences,
they often suffer from inefficient sample utilization and slow
convergence in practical applications. To overcome these
shortcomings, we adopt a PER buffer (PERB), which assigns
priorities to experiences based on their significance, enabling
more frequent sampling of critical experiences to enhance
learning efficiency and convergence performance.

PERB evaluates the importance of each experience using
the temporal-difference (TD) error, defined by

δ =

ˇ̌̌
rt+1 + γmax

a′
Q
�
st+1, a

′�
− Q (st, at)

ˇ̌̌
. (5)

Experiences with larger TD errors are critical for improving
the policy and are thus assigned higher sampling priorities. The
sampling probability of an experience i is given by

P (i) =
pαiP
k pαk

, pi = δi + ε (6)

where α controls the degree to which priorities affect sampling,
and ε is a small constant to prevent zero priorities. This
mechanism ensures that important experiences are sampled
more frequently to accelerate learning.

To mitigate potential biases caused by over-reliance on
high-priority samples, importance sampling (IS) weights are
introduced to adjust the gradient updates

wi =

�
1

N × P (i)

�β
(7)

where N is the replay buffer size, and β is a parameter
that adjusts the degree of correction, typically annealed from
a small value to one over time to balance exploration and
exploitation.

Furthermore, we incorporate a masking technique into the
D3QN framework to enhance the efficiency of exploration.
This technique imposes constraints on the action selection
process, allowing the agent to explore only within the valid
action space.

Specifically, at each state, invalid actions are masked to
restrict the agent’s decision space. For example, actions such
as unloading a wafer from an idle PM or loading a wafer into
an occupied PM with a wafer are prohibited. By effectively
reducing the exploration space, the masking technique prevents
unnecessary exploration of infeasible actions, significantly
improving the agent’s exploration efficiency.

By integrating the aforementioned mask technique and
PERB, our proposed MD3QN algorithm exhibits significant
advantages in exploration efficiency, sample utilization, and
policy optimization. These enhancements enable it to converge
more rapidly to high-quality policies while ensuring a more
stable training process. The MD3QN network architecture is
shown in Fig. 3.

C. Applying MD3QN Algorithm and Comparison

We illustrate the application of Algorithm 2 using the valid
pattern <1, 1, 1> from the previously mentioned k = 3 and
l = 4 settings.

For the pattern <1, 1, 1>, the WFP is given by WFP =

(1 ⊕ (1, 1), 2, 2). We input WFP and the corresponding
processing parameters into the environment to complete the
initialization with a batch of 25 wafers. Following initializa-
tion, the MD3QN algorithm begins training, with the agent
selecting actions within the constrained action space Avalid(st),
determined by masking invalid actions based on the current
system state. An epsilon-greedy strategy is applied to bal-
ance exploration and exploitation, where actions are either
randomly chosen from Avalid(st) or selected based on the
maximum Q-value estimated by the current Q-network Qθ.
The agent learns to minimize the makespan and maximize
resource utilization through interaction with the environment,
while the experience replay buffer and target network stabilize
the learning process.

To validate the effectiveness of introducing the mask and
PERB techniques, we conduct ablation experiments by com-
paring their performance with the basic D3QN algorithm
during the training process. As shown in Fig. 4, we present
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Fig. 3. MD3QN network architecture.

Fig. 4. Variation of episode rewards for D3QN and MD3QN algorithm.

the training curves of both algorithms, including raw rewards,
smoothed rewards (50-episode moving average), and cumu-
lative best rewards. For the standard D3QN, the cumulative
best rewards plateau around 1000, indicating that after over
2000 episodes, the algorithm fails to improve further. The
smoothed rewards gradually increase but eventually stabilize
at a suboptimal level, indicating that D3QN is unable to fully
process a batch of wafers. This suggests a limited exploration
capability in high-dimensional sparse reward environments,
making it difficult for the agent to escape local optima and
effectively transition between steady-state and close-down
stages.

In contrast, the MD3QN algorithm significantly improves
performance. After over 3000 episodes, returns already
approach 3767, as reflected in the cumulative best rewards,
indicating the emergence of optimal strategies. Although some

Fig. 5. MD3QN training performance across multiple seeds.

Fig. 6. Comparison of learning curves across different algorithms.

fluctuations remain, the smoothed rewards show an upward
trend, with the curve still increasing at 8000 episodes, sug-
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Fig. 7. Batch size sensitivity analysis.

Fig. 8. Learning rate sensitivity analysis.

gesting that the agent is steadily converging toward globally
optimal strategies. The subsequent multiseed comparison, as
shown in Fig. 5 further demonstrates that MD3QN can main-
tain stable convergence within 20 000 episodes, highlighting
its robustness and superior exploration efficiency. Specifically,
we test five different random seeds. Across all seeds, the
cumulative best rewards quickly reach the maximum return
of 3767 within 2500–5000 episodes. The smoothed rewards
exhibit a consistent upward trend, indicating gradual improve-
ment of the learned policy. Although certain runs experience
sudden drops, the performance typically recovers within a few
hundred episodes and continues following the prior growth
trajectory. This phenomenon reflects the algorithm’s ability to
overcome occasional suboptimal exploration or unstable policy
updates, ultimately converging to a stable optimal strategy.
By around 20 000 episodes, the smoothed curves across all
seeds approach convergence, confirming that MD3QN not only
accelerates the finding of optimal solutions but also achieves
reliable stability under different initializations.

As shown in Fig. 6, MD3QN consistently outperforms base-
line methods in terms of convergence stability and solution
quality under the same training budget. Since hyperparameters
play a critical role in determining the stability and convergence
behavior of deep reinforcement learning algorithms, it is essen-
tial to analyze their influence on MD3QN. Furthermore, we
conduct a hyperparameter sensitivity analysis to gain deeper
insights into the performance of the MD3QN under different
settings. As shown in Figs. 7–9, we analyze the impact of
learning rate (lr), batch size, and gamma (γ) on the algorithm’s
performance. The results indicate that some parameters have
clear optimal ranges. For example, γ = 0.91, 0.94, 0.95, and
0.98 demonstrate relatively stable performance, with γ = 0.91
achieving the best balance between convergence speed and
stability. Similarly, learning rates lr = 0.002 and 0.003
provide both faster convergence and higher final rewards. In
terms of batch size, 64 is identified as the optimal setting,
striking a good balance between solution quality and training
efficiency.
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Fig. 9. Gamma sensitivity analysis.

Algorithm 2 MD3QN
1. Input: initial parameters:

online network Qθ and target network Q−θ // D3QN
priority α, ε and importance-sampling β. // PERB
lr, γ, εstart, εdecay, B, M, Mmin, τ, // Training

2. Output: Trained Qθ.
3. Initialize Qθ and Q−θ ← Qθ, replay buffer D and step = 0.
4. For episode = 1 to e do:

s← Reset environment, done← False.
While not done:

1) step ← step +1;
2) Avalid ← Mask(s);
3) If random() < ε:

a← Random action from Avalid, ε′ = ε × εdecay

4) Else:
a← argmax{a′ ∈ Avalid} Qθ(s, a′), ε′ = ε × εdecay

5) s′, r, done← Env.step(a)
6) Calculate δ by (5) where a′ ∈ A′valid.
7) Calculate priority pi by (6).
8) Store (s, a, r, s′, done, pi) into D.
9) s← s′.

If size(D) > Mmin:
10) Sample batch from D using priority pαi .
11) Calculate wi by (7).
12) For each sample: Calculate y j by (3), where a′ ∈

A′valid.
13) Perform gradient descent to update θ.
14) Update priority in D: p′j =

ˇ̌
y j − Qθ

�
s j, a j

�ˇ̌
+ ε.

15) If step % τ == 0:
Qθ− ← Qθ

End If
End If

5. End For

This analysis not only helps identify an optimal hyper-
parameter combination, as presented in Table I but also

TABLE I
D3QN PARAMETER SETTING

demonstrates the reliability and efficiency of the method
in both theoretical and practical scenarios. These find-
ings enhance the algorithm’s applicability in dynamic
environments and highlight its potential for industrial
deployment.

To further evaluate the performance and generalizability
of MD3QN, we compare MD3QN with PPO,
TD3, and a genetic algorithm (GA) within 8000
training episodes to assess their relative convergence
behavior, exploration efficiency, and solution
quality.

For a fair comparison, the GA-generated schedul-
ing solutions are evaluated within the same simula-
tion environment as the RL agents, using the identical
reward function to compute their returns for the corre-
sponding action decisions. Consequently, we ensure that
all algorithms are assessed under consistent performance
criteria.

As shown in Fig. 6, GA exhibits poor performance, with
returns fluctuating between −1000 and 200 throughout the
training process, indicating difficulty in discovering effective
scheduling strategies. PPO initially achieves returns below
1000 during the first 4000 episodes and subsequently sta-
bilizes around 3000, failing to reach the optimal solution.
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TABLE II
EXPERIMENTAL RESULTS FOR EXAMPLE 1

TD3 demonstrates intermittent success, with maximal returns
appearing around 4000 episodes, but largely converges below
3000 for most of the later episodes. In contrast, MD3QN
steadily discovers and maintains high-return strategies, demon-
strating superior convergence speed, stability, and exploration
efficiency. In Section V, we extend the comparative analysis
to include mixed integer programming (MIP), providing a
benchmark [45] from exact optimization methods and further
validating the generalizability of MD3QN across different
problem instances.

V. EXAMPLES

Example 1: A lot consisting of 25 raw wafers is processed
in a DACT configured with m1⊕2 = 3, m3 = m4 = 2. Steps 1
and 2 are executed by MPMs, while steps 3 and 4 are handled
by SPMs. The processing time for each step is given as α1 =

90 s, α2 = 100 s, α3 = 100 s, α4 = 100 s, and function
switching time β = 10 s. The robot task time is λ = 5 s and
µ = 2 s.

By applying Algorithm 1, we identify four valid pat-
terns, as shown in Table II. For each pattern, an envi-
ronment is constructed to employ the MD3QN algorithm.
The parameters of the MD3QN algorithm are shown in
Table I, where the essential settings are determined based
on sensitivity analysis. We use the epsilon-greedy strat-
egy, with epsilon decaying throughout the episodes. This
ensures a balance between exploration in the early stage
and exploiting experiences in the late stage, accelerating
the convergence while maintaining stability. In Fig. 4, the
results for instance 2 demonstrate convergence within 5000
episodes.

Table II presents the results of Example 1, including all
valid patterns and the corresponding WFP for each pattern.
The MD3QN algorithm provides the optimized scheduling
solution, yielding the makespan for each pattern under the
optimal scheduling scheme. It also calculates the cycle time
per wafer in the steady state and the maximum wafer residency
time during the entire process.

To validate the efficiency of our experimental results, we
conduct a comparison of the outcomes for each pattern. For
instances 1, 3, and 4, the conditions are consistent with those
in [39]. Upon verification, the cycle time derived from our
solution matches the optimal cycle time reported in [39], with
a detailed verifying process provided later in this section.
However, it is important to note that the method in [39] is only
applicable to instances 1, 3, and 4, and cannot be extended to
the complex instance 2. Moreover, it focuses on optimizing the

steady-state cycle time without considering transient schedul-
ing issues. In contrast, our method is capable of solving all
instances and provides a complete scheduling action sequence
for the entire process, reducing wafer postprocessing residency
time.

For instance 2, there is currently no research report on
scheduling for this specific case. To address this, we create
a mixed-integer programming (MIP) model. The efficiency of
MIP has been demonstrated in [46]. Referring to the study
by Bao and Wang [47], we develop the MIP model for
pattern 2 and solve it using the efficient commercial solver
Gurobi on a PC configured with a 13th Gen Intel Core
i9-13900H CPU (2.60 GHz) and 16 GB RAM. Table III
presents the results obtained by solving the MIP model for
different numbers of wafers, along with the time required, and
compares them with the solutions obtained using our proposed
MD3QN algorithm.

The results show that for instances with fewer than eight
wafers, the MIP can find solutions in a relatively short time.
However, for the instance with nine wafers, the MIP takes
1638.38 s to get a solution, and for ten wafers, no solution can
be found within an hour. In contrast, the MD3QN algorithm
consistently provides solutions in less than one second, even
for a batch of 25 wafers, with the makespan equal to the
MIP solution if feasible. This demonstrates the efficiency and
practicality of our proposed MD3QN algorithm.

The experimental results demonstrate that the trained
MD3QN can generate an efficient schedule in less than one
second, significantly improving the real-time scheduling per-
formance. This makes the proposed method highly applicable
in real production environments.

Therefore, in practical wafer processing, the optimal MPMs
allocation scheme and corresponding robot scheduling action
sequences can be selected based on the minimum makespan
to achieve high production efficiency. At the same time,
both wafer postprocessing residency time and makespan can
be considered to ensure high efficiency while maintaining
wafer quality. The detailed implementation is provided in
Example 2.

Based on the solutions derived from the MD3QN algorithm,
the action sequence for an optimal schedule in instance 2 of
Example 1 is as follows: S 1 → S 0 → S 1 → S 2 → S 1 →

S 2 → S 3 → S 0 → S 4 → S 1 → S 2 → S 3 → S 5 → S 1 →

S 2 → S 4 → S 5 → . . . → S 0 → S 3 → S 6 → S 1 → S 2 →

S 4 → S 5 → S 1 → S 2 → S 3 → S 6 → S 0 → S 4 → S 5 →

S 1 → S 2 → S 3 → S 6 → S 1 → S 2 → S 4 → S 5 → . . . →
S 5 → S 2 → S 3 → S 6 → S 4 → S 5 → S 3 → S 6 → S 5 → S 6.
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TABLE III
COMPARISON RESULTS BETWEEN MIP AND MD3QN WITH WFP = (1⊕ (1, 1), 2, 2)

Fig. 10. Gantt chart for instance 2 in Example 1.

The corresponding Gantt chart for the action sequence is given
in Fig. 10.

The process for verifying and solving 1, 3, and 4, based on
the method in [39], is as follows: for instance 1, the parameters
are given as follows: m1 = 3, m2 = 2, m3 = 2, α1 = 200 s,
α2 = α3 = 100 s, δ1 = 200 s, δ2 = δ3 = 100 s, λ = 5 s,
c = 12 s, and µ = 2 s. We have Π1L = 70.67 s, Π1U = 137.77 s,
Π2L = 56 s, Π2U = 106 s, Π3L = 56 s, Π3U = 106 s, and
ψ1 = 54 s. Thus, Π = 70.67 s. τ1 = 200 s, τ2 = 129.66 s and
τ3 = 129.66. Since each step satisfies α ≤ τ ≤ α+δ; therefore,
Θ = Π = 70.67 s.

For instance 3, the parameters are given as follows: m1 = 2,
m2 = 1, m3 = 2, m4 = 2, α1 = 90 s, α2 = α3 = α4 = 100 s,
δ1 = δ2 = 200 s, δ3 = δ4 = 100 s, λ = 5 s, c = 12 s, and
µ = 2 s. We have Π1L = 51 s, Π1U = 151 s, Π2L = 112 s,
Π2U = 312 s, Π3L = 56 s, Π3U = 106 s, Π4L = 56 s, Π4U =

106 s, and ψ1 = 68 s. Thus, Π = 112 s. τ1 = 212 s, τ2 = 100 s
and τ3 = τ4 = 212 s. Since each step satisfies α ≤ τ ≤ α+ δ;
therefore, Θ = Π = 112 s.

For instance 4, the parameters are given as follows: m1 = 1,
m2 = 2, m3 = 2, m4 = 2, α1 = 90 s, α2 = α3 = α4 = 100 s,
δ1 = δ2 = 200 s, δ3 = δ4 = 100 s, λ = 5 s, c = 12 s,
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TABLE IV

EXPERIMENTAL RESULTS FOR EXAMPLE 2

and µ = 2 s. We have Π1L = 102 s, Π1U = 302 s, Π2L =

56 s, Π2U = 156 s, Π3L = 56 s, Π3U = 106 s, Π4L = 56 s,
Π4U = 106 s, and ψ1 = 68 s. Thus, Π = 102 s. τ1 = 90 s,
τ2 = τ3 = τ4 = 192 s. Since each step satisfies α ≤ τ ≤ α+ δ;
therefore, Θ = Π = 102 s. The detailed execution sequence
and corresponding Gantt chart for instances 1, 3, and 4 are
provided in Appendix for further reference.

Notably, in Example 1, the optimal solution (Pattern 1)
assigns all MPMs to complete step 1 & 2. To investigate
whether this allocation remains efficient in other scenarios,
we conduct additional experiments with the results presented
in Table IV.

Example 2: A lot consisting of 25 raw wafers is processed
in a DACT configured with: m1⊕2 = 4, m3 = 3, m4 = 4.
Steps 1 and 2 are executed by MPMs, while steps 3 and 4
are handled by SPMs. The processing time for each step is
given as α1 = 135 s, α2 = 145 s, α3 = 320 s, α4 = 440 s,
and function switching time β = 10 s. The robot task time is
λ = 5 s and µ = 2 s.

Table IV shows that for instances 17 and 23, both the
makespan and cycle time are the shortest, with a cycle time
of 113 s per wafer for the steady state. However, instance
23 has a shorter postprocessing residency time of 275 s,
compared to 304 s for instance 17. Therefore, to achieve the
highest processing efficiency, the MPMs allocation pattern and
corresponding robot scheduling method for instance 17 are
optimal. This demonstrates that allocating all MPMs to step
j& j + 1 is not always the optimal decision.

At the same time, instance 20 also has a steady-state
cycle time of 113 s. However, m1&2 = 0 meaning there are
no MPMs to complete step 1 & 2, which results in more
wafer swap operations in the cluster tool for instance 20, and
additional time spent on the start-up and close-down phases.
Consequently, the makespan for instance 20 is 9 s longer than
the previous two instances. Nevertheless, its postprocessing
residency time is only 146 s, which is 129 s shorter than
that of instance 23. This indicates that when considering both

makespan and wafer postprocessing residency time, the MPMs
allocation pattern for instance 20 is an excellent choice, as it
significantly reduces the wafer postprocessing residency time
while only adding 9 s to the makespan.

We observe that although instance 18 has the shortest
maximum residency time, its makespan and cycle time are
relatively large, making it suboptimal.

The MD3QN framework is designed to be generally applica-
ble across different WFPs and valid allocation configurations,
as it adopts a unified state representation, action space, and
reward structure that captures the fundamental characteristics
of scheduling a DACT. However, the resulting scheduling
policy is inherently WFP-dependent, since different WFP
and allocation patterns correspond to different process flows,
timing constraints, and system dynamics.

In practice, the same MD3QN network architecture and
training settings are reused across different configurations,
while the policy network is trained to adapt to each specific
environment. Such retraining does not require redesigning the
algorithm or reward structure, and the training process remains
stable and computationally feasible.

VI. CONCLUSION

This work addresses the scheduling problem of DACTs with
MPMs in semiconductor manufacturing. MPMs can either
execute multiple steps consecutively or perform a specific step.
Allocating MPMs to steps directly impacts system efficiency,
necessitating process engineers to select an optimal allocation
scheme based on given conditions. We propose an allocation
algorithm to determine all feasible patterns. Based on these
patterns, we construct a simulation environment and propose
an improved D3QN approach to schedule the cluster tool pro-
cessing of a batch of wafers, generating an action sequence that
minimizes the makespan. Furthermore, we also consider the
maximum wafer residency time, although it is not explicitly
specified, we monitor it during the MD3QN execution process
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to select a feasible pattern with a shorter residency time when
their makespans are identical.

Compared to traditional optimization-based methods, such
as the MIP model. The MD3QN can obtain a near-optimal
schedule in a very short time, which is crucial for the
real-world production requirements in semiconductor manu-
facturing, greatly reducing idle machine time due to equipment
waiting and switching.

In practical manufacturing, multicluster tools are widely
used for their high efficiency. However, the scheduling of
multicluster tools becomes more complex due to the coordina-
tion between buffering modules and multiple robots. In future
work, we will continue to employ deep reinforcement learning
to address the scheduling problem of multicluster tools with
MPMs. Exploring transfer or meta-learning techniques to
further improve cross-configuration generalization is also an
interesting future direction.
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