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Abstract Fiber allocation in optical cable production is
critical for optimizing production efficiency, product qual-
ity, and inventory management. However, factors like
fiber length and storage time complicate this process,
making heuristic optimization algorithms inadequate. To
tackle these challenges, this paper proposes a new frame-
work: the dueling-double-deep Q-network with twin state-
value and action-advantage functions (D3QNTF). First,
dual action-advantage and state-value functions are used to
prevent overestimation of action values. Second, a method
for random initialization of feasible solutions improves
sample quality early in the optimization. Finally, a strict
penalty for errors is added to the reward mechanism,
making the agent more sensitive to and better at avoiding
illegal actions, which reduces decision errors. Experimental
results show that the proposed method outperforms state-
of-the-art algorithms, including greedy algorithms, genetic
algorithms, deep Q-networks, double deep Q-networks,
and standard dueling-double-deep Q-networks. The findings
highlight the potential of the D3QNTF framework for fiber
allocation in optical cable production.
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1 Introduction

Optical cables, as a fundamental component of communi-
cation networks, are essential for telephone communica-
tion, internet access, and data transmission across data
centers (Liu et al., 2023). The allocation of optical fibers,
a critical step in deploying these systems, faces chal-
lenges, including the labor-intensive and time-consuming
nature of manual selection and suboptimal use of cable
resources (Tan et al., 2024). Multi-objective optimization
algorithms offer a key technological solution for efficient
fiber allocation within optical cables.

Multi-objective optimization algorithms are broadly
classified into three categories: exact algorithms, heuristic
algorithms, and artificial intelligence algorithms.
Common exact algorithms include branch and bound,
decomposition methods, and Lagrangian relaxation algo-
rithms (Silva et al., 2018). However, many multi-objective
optimization problems (MOPs) exhibit nonlinearity,
discontinuity, and non-differentiability, making exact
algorithms difficult to apply effectively in practice
(Zhong et al., 2024). As the number of optimization vari-
ables increases, solving these problems becomes more
complex, time-consuming, and resource-intensive, limit-
ing their use in large-scale, real-world applications.

To address MOPs, approximation methods that do not
aim for exact solutions have become widely adopted.
These include simulated annealing (Lee and Perkins,
2021), tabu search (Wang et al., 2021a), genetic algorithms
(GA) (Xue et al., 2020), particle swarm optimization
(Fang et al., 2024), and ant colony optimization (Martin
et al., 2020). Significant advancements have been made
to these intelligent optimization techniques. For example,
Lietal. (2023) introduce a decomposition-based switching
multi-objective whale optimizer, Ma et al. (2023) present
a particle swarm optimization-assisted deep domain adap-
tation method, Li et al. (2024) propose a dynamic multi-
objective optimization algorithm based on a hierarchical
response system, and Wang et al. (2023b) develop an
intelligent scheduling application integrated with MOPs
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to tackle truck scheduling problems. While these methods
generally yield satisfactory solutions in reasonable time
frames, they do not guarantee global optimality and their
performance is highly sensitive to parameter settings,
with different configurations potentially producing varied
results.

Reinforcement learning, an artificial intelligence
approach, adjusts strategies through continuous interaction
with the environment to maximize long-term rewards. It
is widely used in areas such as robotics control and opti-
mization. Compared to heuristic algorithms, reinforcement
learning offers several advantages: (1) it can learn and
adapt strategies in real-time through environmental inter-
actions, enabling effective responses to changes and
uncertainties (Gui et al., 2023); (2) it is well-suited for
high-dimensional and complex decision-making prob-
lems, effectively managing the increasing size of state
and action spaces (Wang et al., 2021b), and (3) policy
improvement is automated, reducing the need for manual
parameter tuning (Zheng et al., 2023). The application of
deep reinforcement learning (DRL) to MOPs has
emerged as a promising approach (Mazyavkina et al.,
2021). For example, an adaptive scheduling algorithm
based on a deep Q network (DQN) has been developed to
handle complex dynamic job-shop scheduling problems
(Zhao et al.,, 2021). Although these methods have
improved the efficiency of solving MOPs, challenges
remain when applying them to optical fiber allocation.
Specifically, DQN algorithms may encounter convergence
issues and tend to overestimate action values, compro-
mising strategy effectiveness.

The problem of optical fiber allocation is a typical
MOP. An optimized fiber allocation plan not only mini-
mizes fiber loss and breakage, but also improves produc-
tion efficiency and product quality. In optical cable pro-
duction, fiber allocation presents a complex MOP, with
key factors including fiber color, length, storage time,
and the number of segmented fibers. Excessive fiber
segmentation can negatively affect production efficiency
and inventory fiber quality. Additionally, factors such as
fiber color, length, storage time, and selection sequence
significantly influence inventory fiber quality. Thus, opti-
cal cable manufacturers must develop optimal fiber allo-
cation plans to make the best use of limited inventory
resources.

To address these challenges, this paper proposes an end-
to-end optimization algorithm: a dueling double DQN
framework with twin state-value and action-advantage
functions (D3QNTF), designed to handle complex MOPs
in fiber selection for optical cable production. The
proposed approach automates the fiber allocation process,
reducing reliance on manual operations while significantly
improving production efficiency and lowering costs. The
main contributions of this paper are summarized as
follows:

(1) Dual action-advantage and state-value functions are

used to address action value overestimation, improving
the stability of the learning algorithm.

(2) A random initialization method for feasible solutions
is introduced to enhance the network's learning ability,
replacing the traditional approach of populating the expe-
rience pool through environmental exploration. This
increases the proportion of successful samples in the
early stages, significantly improving the model’s decision-
making capabilities.

(3) Extreme penalties for illegal actions are incorporated
into the reward mechanism to increase the agent’s sensi-
tivity to and avoidance of such actions.

The structure of this paper is organized as follows.
Section 2 introduces multi-objective optimization prob-
lems and reinforcement learning methods. Section 3
presents the proposed D3QNTF framework for resource
allocation strategies. Section 4 provides simulation vali-
dation and a comparative discussion of the results.
Finally, Section 5 offers conclusions and recommendations
for future research.

2 Multi-objective optimization problems
and reinforcement learning methods

2.1 Multi-objective optimization problems (MOPs)

MOPs represent a class of mathematical optimization
tasks in which multiple objectives must be optimized
simultaneously (Ming et al., 2023). These problems are
generally formulated as follows:

Minimize G (@) = (¢, (@),9,(@),...,0, (@), (1)

where @ = (a),@s,...,,)" represents an n-dimensional
candidate solution, and G (@) denotes an m-dimensional
objective space, with a€ D and D CR" being an n-
dimensional bounded continuous decision space. The
number of objective functions is denoted by m, with
m>2. Since these objectives often conflict with one
another, optimizing all m objectives simultaneously is
challenging. To address this, the concept of Pareto domi-
nance is applied to identify a set of Pareto-optimal solutions
rather than a single optimal solution. A solution « is said
to dominate a solution S (denoted as a <) if, for every
ie{l,2,...m}, ¢,(@) <p,(B), and there exists at least one
J€{L,2,...,m} such that ¢,(a) < ¢,(B). A solution " € D
is considered Pareto optimal if no other solution S € D
dominates a*. The Pareto optimal set is defined as
I1 = {@ € D|« is Paretooptimal}, and the Pareto optimal
front is defined as A" ={G(a)|a € I1}. The primary goal
of MOPs is to obtain a set of Pareto optimal solutions that
closely approximate A* and are well-distributed along A*
in the objective space.

Due to their inherent complexity, MOPs are regarded
as particularly challenging in practical applications. The
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primary difficulty arises from the necessity to concurrently
optimize multiple conflicting objectives, which compli-
cates the effectiveness of any single optimization strategy
in addressing all goals. Moreover, many real-world
MOPs display characteristics such as nonlinearity, dis-
continuity, and non-differentiability, rendering traditional
optimization methods unsuitable for direct application.
Among the prevailing methodologies are both exact algo-
rithms and heuristic algorithms, each possessing distinct
limitations. While exact algorithms guarantee a global
optimal solution through systematic search techniques,
they tend to be computationally intensive, especially in
large-scale, high-dimensional optimization scenarios. The
substantial demand for computational resources and time
makes these algorithms impractical in such contexts.
Common exact algorithms, such as branch and bound,
decomposition methods, and Lagrangian relaxation,
perform adequately for small-scale problems, but en-
counter significant challenges as problem size escalates.
Additionally, exact algorithms often necessitate problem-
specific adaptations, resulting in limited generalizability
and further constraining their application to complex
MOPs.

In contrast, heuristic algorithms utilize flexible search
strategies that enable them to identify near-optimal solu-
tions within a restricted timeframe. Examples of this cate-
gory include simulated annealing, tabu search, GAs,
PSO, and ant colony optimization (Yao et al., 2023).
Heuristic algorithms are particularly effective in tackling
large-scale and complex problems, especially when the
characteristics of the problem are unclear or when the
solution space is extensive. However, they do not guarantee
a global optimal solution, and their effectiveness is highly
contingent upon parameter selection; different parameter
combinations can result in considerable variations in
results. Furthermore, heuristic algorithms often exhibit
slower convergence and demonstrate less stable perfor-
mance when applied to complex, constrained multi-
objective problems due to their lack of robust theoretical
foundations.

To address these limitations, artificial intelligence algo-
rithms, particularly reinforcement learning, have attracted
increasing attention in recent years for their application in
MOPs. Reinforcement learning learns optimal strategies
through interaction with the environment, demonstrating
exceptional performance in dynamic and complex
settings (Kiran et al., 2022). Compared to traditional
exact and heuristic algorithms, reinforcement learning
offers significant adaptability and is better suited for
handling complex constraints. It does not depend on prior
models and can progressively approach optimal solutions
in scenarios characterized by high uncertainty and
conflicting objectives. Furthermore, reinforcement learn-
ing continuously refines its strategy throughout the learning
process based on received feedback, providing high flexi-
bility and generalization capabilities. As a result,

reinforcement learning effectively addresses the limita-
tions of traditional methods, offering innovative solutions
for complex real-world problems in MOP.

2.2 DQN and D3QN algorithm

Q-learning is a fundamental reinforcement learning algo-
rithm, with its core principle centered on continuous
interaction with the environment to learn the expected
long-term rewards associated with various actions in
different states (Moerland et al., 2023). Q-learning
utilizes a Q-function to represent the value of state-action
pairs and iteratively updates the Q-values using an update
rule, enabling the agent to progressively learn the optimal
policy. This update process is informed by the Bellman
optimal equation, wherein the Q-table is updated using
the current state, action, and the immediate reward given
by the environment. The primary objective is to maximize
cumulative rewards. Although Q-learning faces challenges
in handling large-scale discrete state spaces, it lays the
theoretical groundwork for DRL methods such as DQN.

DRL combines the perceptual capabilities of deep
learning with the decision-making abilities of reinforce-
ment learning (Wang et al., 2024). Its essence lies in the
ability to learn multi-dimensional abstract features
through multi-layer deep neural networks, facilitating the
perception and understanding of complex situations in the
environment while making decisions based on this under-
standing. Currently, some of the most prominent DRL
methods include DQN, double DQN (Van Hasselt et al.,
2016), deep deterministic policy gradient (DDPG) (Qiu
et al., 2019), and deep recurrent Q-learning (Hausknecht
and Stone, 2015).

The DQN architecture consists of a value network, a
target value network, an error function, and a replay
memory unit. It employs a deep neural network (DNN) to
estimate the action-value function, while the experience
replay mechanism and target value network are utilized to
mitigate the instability and non-convergence issues that
arise when approximating the action-value function using
DNNs (Luo et al., 2021). DQN follows the same update
formula as Q-learning but leverages a neural network to
fit the Q-table, effectively transforming the elements of
the state from discrete to continuous values. According to
the Q-learning algorithm’s update formula, the loss func-
tion for the DQN algorithm is defined as the mean
squared error between the current Q value and the target
Q value, as illustrated in the following formula:

L) = E[(r +pmaxQ (s, a;6) ~ Q(sf,a,;(a))z], @

where 6 and 6~ represent the weight parameters of the
decision network and the target network, respectively.
Once the loss function is obtained, the gradient descent
method can be directly used to solve for the weight
parameters 6 of the neural network’s loss function.
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The dueling DQN algorithm serves as an enhancement
over the original DQN algorithm by introducing a dueling
network architecture (Wang et al., 2016). This architecture
bifurcates the network into two streams: one dedicated to
representing the state value function and the other to
representing the action advantage function. These two
streams are then combined through a specialized aggrega-
tion layer to produce the estimated state-action value
function Q. By integrating these two networks, the dueling
DQN significantly improves the efficiency and accuracy
of the algorithm, making it well-suited for managing
large state and action spaces. The final value function can
be expressed as follows:

Q(s,a:60,a.8) =V (s:6,a)

1
+(A<s,a;e,/3>— WZAu,a*;e,ﬁ)),

' 3)

where @ and S are the specific parameters for the state
value function V(s) and the action advantage function
A(s,a), respectively. |A| denotes the size of the action

space. The term WZM L A(s,a%6,8) ensures that the

average value of the advantage function is zero, thereby
stabilizing the computation of Q (s,a).

The dueling-double-deep Q-network (D3QN) algorithm
is an advanced DRL technique that integrates the features
of double DQN and dueling DQN (Gok, 2024). By
addressing the issue of Q-value overestimation, it
produces more reliable Q estimates, thus facilitating
enhanced decision-making and overall performance. The
learning process of the D3QN algorithm is depicted in
Fig. 1. The agent inputs the state s, into the policy
network, which calculates and outputs the Q values for
each action. Then, using the e-greedy strategy, the agent
selects an action a, to execute and interacts with the envi-
ronment, obtaining a reward r, and a new state s,
(Tokic, 2010). The tuple {s,,7,,a,,5,.1} is stored in the
experience replay buffer for network training. The

e-greedy strategy means that, with a probability of &, a
random action is selected, and with a probability of 1-¢,
the action corresponding to the highest Q value calculated
by the current policy network is chosen, as shown in the
following equation:

random action a, if r <&,
a, = . 4)
argmax__, O (s;,a;6),otherwise,

where a €A, A is the set of possible actions. r is a
random number uniformly distributed between 0 and 1,
and ¢ is the probability of selecting a random action.

The loss function of the D3QN algorithm is calculated
as follows:

LD}QN =E

a€A

(rt + VQ* (St+l s argmaxQ(s,H »a; 9)) 79*)

- Q(s,,a,;ﬂ))z]- Q)

In the D3QN algorithm, the selection of actions for
determining the target Q value relies on the parameters 6
of the policy network. Specifically, the action that corre-
sponds to the maximum Q value for the present state
within the policy network is identified, and the Q value
for this action is then computed within the target
network. This methodology effectively reduces the likeli-
hood of Q-value overestimation.

3 DRL-based resource allocation strategy
for optical cable production

3.1 Problem formulation

The challenge of optical fiber allocation in optical cable
production can be defined as follows: In the context of
production scheduling tasks (Wang et al., 2023a), there
are a defined set of bundle numbers, , and a corresponding
set of lengths, L, alongside the total quantity of fibers
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Fig. 1

The learning process of the D3QN algorithm.
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required for cable manufacturing. Each product is associ-
ated with a specific length that corresponds to a particular
bundle number, establishing a one-to-one relationship
between the bundle and length sets. To fulfill production
scheduling requirements, manufacturers are tasked with
devising an efficient fiber allocation strategy that considers
several factors, including the quantity and length of avail-
able fibers, the total scheduled production length, the
number of tubes, and the number of cores. The total num-
ber of fibers needed for cable production is calculated by
multiplying the number of tubes by the number of cores.
To address the complexities of fiber allocation under
various constraints, a mathematical model has been
developed (Huang et al., 2023). This model ensures that
multiple selection principles are integrated into the allo-
cation process: the length of a single optical fiber must
not exceed the maximum length available in inventory;
the production length limit of the tube is determined by
its major, minor, and outer diameters; and priority is
given to fibers that are 8 km or shorter, colored fibers,
return-to-inventory fibers, and those with extended storage
durations. The model’s objective is to maximize the
proportion of high-quality fibers in inventory while mini-
mizing the number of segmented fibers and fiber allocation

The definitions of the symbols used in the model are
presented in Table 1. The mathematical model for fiber
allocation constraints is outlined as follows:

S.t. l,' < X (6)

1 2
L<(R,—R~5)X(R,+ RA,)xéxnx(E) x0.0025+0.8+0.001,

(7
L=B).81)=1{0,1,<8;1,,>8},Viel, ®)
Ci=alc),alc)={0,c,eG;1,c,;e M} ,Yiel, )
Uy=J(k).J(k)={0.k e Q:1.k e Q'}.Viel, (10)
D= — viel (11)

1+(f -1’

1 .
‘IJ:(M)Z(nXC,+r2><U[+r3><L,+r4><D,~),VtEI,

iel

operations. (12)

Table 1 Nomenclature

Symbol Definition

b pi

S5 width, the distance between the side plates of the winding spool

Ry major diameter, the diameter of the circular plates on both sides of the spool

Ry minor diameter, the diameter of the hollow portion at the center of these plates

h outer diameter of the tube, the diameter of the tube's outermost layer

X the maximum length of stock optical fiber

1 the aggregate set of optical fiber inventory quantities, i = 1,2,..., ||

G the set of colors {B, OR, G, BR, GR, R, BL, Y, V, P, AQ}, where B = blue, OR = orange-yellow, G = green, BR = brown, GR = white, R =
red, BL = black, Y = yellow, V = blue-purple, P = purple, and AQ = light green

M the set of color{N}, where N = colorless

C; quantitative score of color dimension for the ith fiber

Ci the color of the ith fiber

(0] the set of return-to-inventory fiber

) the set of non-return-to-inventory fiber

ki whether the ith fiber is a return-to-stock fiber

U; quantitative score of return-to-stock dimension for the ith fiber

l the length of fiber

L; quantitative score of length dimension for the ith fiber

t the time of fiber entry into inventory

f the time of fiber usage

D; quantitative score of time dimension for the ith fiber

r1,12,13,14  weighting coefficients for calculating the overall score of a single fiber

b the score of inventory
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Equation (6) ensures that the length of a single optical
fiber does not surpass the maximum available fiber
length in inventory; Eq. (7) defines the relationship
between the production length limit of the tube and its
major, minor, and outer diameters; Egs. (8) — (11) prioritize
the use of fibers based on specific characteristics: fibers
shorter than 8 km (Eq. (8)), colored fibers (Eq. (9)),
return-to-inventory fibers (Eq. (10)), and fibers with
prolonged storage durations (Eq. (11)). Finally, Eq. (12)
ensures that these four selection principles are considered
concurrently during the fiber allocation process.

To enhance understanding of the number of tubes and
fibers, an illustration is provided in the form of a cross-
sectional diagram of a specific optical cable product
model, as depicted in Fig. 2.

In Fig. 2, small colored rings represent tubes, with the
number of rings corresponding to the tube count. Within
each tube, different colored dots symbolize fibers, with
the number of these dots representing the fiber count.
Specifically, the optical cable illustrated consists of 8
tubes, each containing 6 fibers.

3.2 Network design and algorithm implementation
This section presents the D3QNTF framework, which

enhances the traditional D3QN methodology. For the
fiber resource allocation problem in optical cable

Feasible solution
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Fiber

Fiber ointment

Loose tube
Aluminum-polyethylene laminate

Water-blocking cable gel
Steel wire strength member

Steel wire sheath

Fig. 2 Cross-sectional diagram of the optical cable.

production, this algorithm aims to efficiently allocate
fiber resources while minimizing the number of
segmented fibers and fiber allocation operations. The
proposed D3QNTF framework is illustrated in Fig. 3.
The subsequent sections will outline the basic components
of D3QNTF: the state S,, the action A,, and the reward
R,.

3.2.1 State vector

The state variable captures inventory information and the
length of the optical cable to be produced. Thus, a state
vector composed of the most relevant influencing factors
in the environment is defined as follows:

(13)

Sl = {ﬂ"f},

7 (sla) = argmax O (S, a7: 6, 9,)
a; e
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Fig. 3 Graphical illustration of the D3QNTF training process.
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where p represents the number of fiber groups meeting
the length constraints, and & represents the remaining
order demand.

3.2.2 Action vector

The goal of optical fiber allocation is to meet customer
order demands while efficiently utilizing optical fibers of
various lengths from inventory. Therefore, an action
vector 4, is defined in the algorithm framework.

A, ={L}, (14)

where L represents the length combinations that meet the
length constraints.

3.2.3 Reward function

The reward function is pivotal in DRL as it steers the
agent toward making appropriate decisions and avoiding
detrimental actions. In this framework, the reward function
aims to minimize both the number of segmented fibers
and the number of fiber allocations, while simultaneously
maximizing the overall inventory score. These metrics
are essential for optical cable production. Consequently,
the agent incurs a substantial penalty when fiber segmen-
tation is excessive or allocation operations occur
frequently. In contrast, when there is a significant
improvement in the inventory score for the selected fiber
lengths, the agent is rewarded.

The reward function is thus defined as the weighted
sum of the number of segmented fibers, the number of
fiber allocations, and the inventory score, which can be
mathematically expressed as follows:

R =£4(-0,2+0,(¥, - ¥,)-9;v)-(1-£)x500, (15)

where z represents the number of segmented fiber (i.e.,
the amount of fiber that needs to be cut during optical
cable production), ¥, denotes the inventory score after
fiber allocation, ¥, represents the inventory score before
fiber allocation (i.e., a metric used to assess the overall
quality of inventory fibers), and v refers to the iteration
number of fiber allocation (i.e., the total number of
production runs based on orders). Additionally, 9,, 9,,
and 0, are the weight coefficients employed to compute
the reward function score, while ¢ indicates the validity
of the current action (1 for valid, 0 for invalid).

After defining all elements, both the evaluation
network and the target network are constructed with iden-
tical architectures. Each network processes the input
quadruplet {s,,a,,7:1,58:11}, which comprises the current
state, action, reward, and next state, and outputs the
predicted action value Q(s,a) and the target value Y,,
respectively. Both networks utilize fully connected
layers. This framework draws inspiration from the

dual-network concept inherent in the twin delayed deep
deterministic policy gradient (Fujimoto et al., 2018),
which generates two functions: action-advantage and
state-value, thereby mitigating the overestimation error of
the predicted action value Q(s,a). To enhance training
efficiency, the common layers of the networks are
merged, with the final layer employing a softmax function
to convert predicted probabilities into the range [0, 1).

The detailed training process of the D3QNTF network
is outlined in Algorithm 1. It is important to note that the
testing process varies slightly from the training process.
The specific steps of the testing process are detailed in
steps 17 to 29 of Algorithm 1, with the remaining steps
not being executed during the testing phase.

Algorithm 2 provides a comprehensive description of
the initialization method for the replay buffer utilized by
D3QNTF. Initially, several feasible solutions are generated
through a random initialization method. These solutions
subsequently interact with the environment, resulting in
the generation of a Markov decision chain, which is
stored in the replay buffer.

4 Experiments and discussion

4.1 Experimental design

4.1.1 Data description

This study utilizes real inventory data from an optical
cable manufacturing company, which includes details
such as fiber ID, fiber color, fiber length, a flag indicating
return-to-inventory fibers, and the fiber coloring
sequence. To accurately simulate real-world application
scenarios and thoroughly evaluate the performance and
stability of D3QNTTF, the study establishes the number of
tubes and fibers at 4 and 12, respectively. The outer
diameter of each tube is set at 0.255 cm, with a width of
63 m, a major diameter of 100 m, a minor diameter of 50
m, and the maximum fiber length in inventory capped at
66 km.

The specific parameters are defined as follows: the
fiber length selection interval is set to 1.02, meaning that
fibers within the length range are standardized to the
nearest minimum value within this range (i.e., the left
boundary length). The redundancy length is set at 0.15,
representing the additional length of the fiber relative to
the tube length. The length factor is established at 1.025,
utilized to estimate the relationship between the final
product length and the original length. The experiment
concentrates on the three most commonly used optical
cable production configurations in the factory: 3*20,
3%20 + 5*20, and 3*20 + 5*20 + 7*20, where 3, 5, and 7
denote the order lengths, and 20 represents the number of
bundles.
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Algorithm 1 Dueling double DQN with twin state-value and action-advantage functions

1: Initialize dueling network  network parameters 8;,9;, 71,95, 7»;

2: Copy completely the dueling network ( as the target dueling network (*; Target dueling network parameters
01, 71,95, 73

3: Initialize training step T, replay buffer P, batch K, soft update 7, per G step to evaluate dueling network
0, exploration step H, update time U, and descent clipping ¢ other parameters required for training;

4: The samples generated by Algorithm 2 are used to populate the replay buffer P;

5: B « 0, store « [];

6: while True do

7 The dueling network Q selects actions based on e-greedy policy to interact with the environment for H

steps, and the generated samples are subsequently stored in the replay buffer;

8 fori « 1to U do

9: Sample randomly batch K samples from the replay buffer P;

10: Calculate the loss error a” = argmaxareAQ/(S/H,a’; @1,91,?1). y = nr +

T mini=1,2@;(5/+1' a’’; Q;"@?'\A’;)i
. 5 - A )2
1:  L(8,)=E [Zi=1 (y— Q,(S,,a,;e,,ﬁi,yi)) ];

12: Perform gradient descent and clipping on the parameters 8, of the dueling Network

n 1/2
. ]
;= »Xmln(l,—), lgllz = Z :
8 =8 llgll,/” '8 B

i=1

N A 9 B a5 o) 9Q(s.2:8,9.79) @
041 =0, +a-E [,:Z (y -Q,(s0a 9/'8:':\’1)) 8, - min (Lm)];

13: Every step, soft update 8; =18, + (1 —n)8;;

14:  end for

15: E « O

16: E « E + H;

17: if E = G then

18: Reset the environment;

19: returns « 0;

20: while True do

21: action « argmaxaeAQ,(state; ét, 9., f/l);

22: Input action into the environment for interaction, and return next state, reward and done;
23: returns « returns + reward;

24: if done = 1 then

25: break;

26: end if

27: state < next state;

28: end while

29: endif

30: B« B+ E,;

31: Append B and returns to the store;
32: if B = T then

33; break;

34: endif

35: end while

36: return dueling network 0, store;
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Algorithm 2 The principle of replay buffer

Require: Number of feasible solutions Size S, Order Y.L; * N;, redundant length, limit length
Ensure: replay buffer

number_combinations < the Cartesian product of all possible combinations of the ranges defined by each

integer in N;

2: Skip the first combination in number_combinations;

valid mapping < [];
4: for combination in number_combinations do

total length < sum of products of L and corresponding combination elements;

6: if (total length + redundant length) <limit length then

Add combination to valid mapping;

8: endif
end for
10: pop < [1];

valid mapping set < set(valid_mapping);

12:for i = 1 to S do

res N < copy of N;
14:  Solution « [];

while True do
16: for value in res_ N do

selected_values < random values from range(value + 1)
18: end for
if tuple(selected values) in valid_mapping set then

20: Append selected values to Solution;

res_N <« element-wise subtraction of selected values from res N,

22: if all elements in res N are O then
break;
24: end if
end if

26: end while
Append Solution to Solutions;

28: end for

Convert the Solutions into actions;
30: Create replay_buffer;

Reset the environment and assign the initial state to the variable initial state;
32: state < initial_state;

for £ in the length of the actions 4 do
34:  Input the state and action[k] into the environment for interaction, and return next_state, reward and done;

if done = 1 then

36: Reset the environment and assign the initial state to the variable state;
end if
38: Pass state, action, reward, done into replay buffer;

State «— next_state;
40: end for
41: return replay_buffer;
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4.1.2 Evaluation criteria

In line with the specific requirements of the optical cable
manufacturing plant, we have established four evaluation
metrics: inventory score, number of fiber allocations,
number of segmented fibers, and an equally weighted
sum of these three metrics. Among these, the number of
fiber allocations and the number of segmented fibers
serve as critical indicators in optical cable production. A
reduction in these values can significantly enhance
production efficiency while improving the quality of
inventory fibers. Conversely, elevated values in these
metrics may lead to decreased production efficiency and
a decline in the quality of inventory fibers.

4.1.3 Benchmark models

To comprehensively assess the learning performance of
D3QNTF in discrete action spaces, we compared it
against four categories of algorithms: greedy algorithms,
heuristic algorithms (including GA and PSO), multi-
objective optimization algorithms (such as NSGA-II and
MOPSO), and fundamental reinforcement learning algo-
rithms (including DQN, DDQN, and D3QN). These algo-
rithms are widely utilized across various problem-solving
contexts for specific reasons: greedy algorithms offer
quick local optima; heuristic algorithms are proficient in
resolving complex problems by identifying near-global
optima; multi-objective optimization algorithms adeptly
balance multiple conflicting objectives; and foundational
reinforcement learning algorithms (like DQN, DDQN,
and D3QN) serve as direct performance benchmarks for
D3QNTF. This comparative methodology allows for a
more comprehensive evaluation of D3QNTF's decision-
making performance and its applicability.

The hyperparameters utilized in the DRL experiments
are outlined in Table 2. These parameters were chosen

Table 2 Hyper-parameters of DRL

Hyper-parameters Value
Discount factor 0.98
Learning rate le—4
Batch size 64
Buffer size Se4
Total learning steps 3eS
Evaluate model every multiple step le—3
Evaluation frequency 1.0
Soft update S5e-3
Exploration rate 0.25
Exploration length le-3
Number of initial solutions 50

Clip grad norm 3.0

based on preliminary experimental findings and best
practices from relevant literature, aiming to optimize
model performance and ensure the reliability of the
experimental results. Key parameters include the learning
rate, batch size, and the number of iterations, all of which
significantly influence the training effectiveness of the
model. For the length combination case of 3*20 + 5%20,
the network architecture of D3QNTF is detailed in Table 3.
In comparison, D3QN omits the V,(s) and A,(s,a)
layers, while DQN and DDQN do not include the V (s)
and A(s,a) layers. Although DQN and DDQN share the
same network architecture, they differ in their strategies
for target value estimation.

For different order combinations 3*20, 3*20 + 5*20,
and 3*20 + 5*20 + 7*20, the dimensions of the state
vector S, for DQN, DDQN, D3QN, and D3QNTF are set
to 14, 64, and 165, respectively, while the dimensions of
the action vector A, are set to 13, 62, and 162, respec-
tively.

4.2  Experimental results

D3QNTF is evaluated using the common length combi-
nation case of 3*20 + 5*20. Fig. 4 illustrates the training
process of the D3QNTF algorithm for this scenario. In
Fig. 4(a), it is evident that during the initial stage of train-
ing, the returns and rewards obtained by the agent from
interactions with the environment exhibit considerable
fluctuations, primarily due to the random initialization of
the network parameters. As training progresses, these
fluctuations gradually diminish and ultimately converge.
In Fig. 4(b), as the number of training steps increases, the
estimated Q value stabilizes, and the loss curve becomes
steady, converging toward zero. This trend indicates that
the model's prediction accuracy and stability improve as
training advances. The minor oscillations observed
during convergence can primarily be attributed to the low
probability of random action selection.

To provide a clearer comparison of fiber allocation
effectiveness across various algorithms, we smoothed the
learning curves for each algorithm, as illustrated in Fig. 5.
The results reveal that DQN exhibits the lowest return
and average reward values. Although its return curve

Table 3 The network structure of D3QNTF

Layer Input Number of neurons Activation function
1 64 16 x 64 ReLU

2 16 x 64 16 x 62 ReLU
3V1(s) 16 x 62 1 ReLU
3V(s) 16 x 62 1 ReLU
341(s,a) 16 x 62 62 ReLU
3A4x(s,a) 16 x 62 62 ReLU

4 62 62 Softmax
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Fig. 4 Performance of D3QNTF during training. (a) Return and average reward; (b) Estimate Q value and loss.
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Fig. 5 Performance of different algorithms during training. (a) Return; (b) Average reward; (c) Estimate Q value; (d) Loss.

shows a tendency to stabilize, it continues to experience of steps and its substantial Q-value estimation error. In
oscillations and even declines, primarily due to DQN’s  contrast, D3QN and DDQN demonstrate notable
failure to achieve full convergence within a finite number  improvements, with their loss functions converging to
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near zero, reduced Q-value estimation errors, and higher
rewards and returns. Notably, D3QNTF outperforms both
D3QN and DDQN, benefitting from its sample initializa-
tion operation, which enhances the model’s decision-
making capabilities. As shown in Fig. 5(a), 5(b), and
5(d), although D3QNTF converges more slowly due to
the necessity of fitting a larger number of network param-
eters, its return and average reward curves remain more
stable throughout the learning process. This stability can
be attributed to D3QNTF's implementation of dual action-
advantage and state-value functions, which effectively
mitigate the issue of action-value overestimation and
enhance the algorithm's overall learning stability. In
comparison, D3QN displays significant oscillations in its
curve between 110,000 and 200,000 steps. The Q-value
estimation curves for the various algorithms are presented
in Fig. 5(¢c).

Table 4 Performance comparison of different algorithms

4.3 Comparison results

The experimental findings indicate that D3QNTF consis-
tently outperforms other algorithms across different test
sets. As shown in Table 4, for the 3*20 case, all algorithms
successfully identify the optimal fiber allocation combi-
nation, increasing the inventory score to 0.6207 while
reducing the number of segmented fibers to 0 and fiber
allocations to 4. The final return of —9.9958 suggests that
the greedy algorithm's search rules, alongside the heuristic
and multi-objective optimization algorithms' mathematical
models, are well-aligned to this scenario (Zhang et al.,
2021). However, as the case expands to 3*20 + 5*20, the
performance of the greedy algorithm substantially lags
behind that of the other algorithms, highlighting its ineffi-
ciency in addressing large-scale solution space problems.
In contrast, the GA algorithm identifies high-quality
feasible solutions within the integer programming model

Test case Methods  Improvement in inventory score ~ Number of segmented fiber ~ Number of fiber allocation Return
Greedy 0.6207 000 04 —009.9958
GA 0.6207 1 000.00% 000 1 000.00% 04 1 000.00% —009.9958 1 000.00%
PSO 0.6207 1 000.00% 000 1 000.00% 04 1 000.00% —009.9958 1 000.00%
NSGA-II 0.6207 1 000.00% 000 1 000.00% 04 1 000.00% —009.9958 1 000.00%
3*20 MOPSO 0.6207 1 000.00% 000 1 000.00% 04 1 000.00% —009.9958 1 000.00%
DQN 0.6207 1 000.00% 000 1 000.00% 04 1 000.00% —009.9958 1 000.00%
DDQN 0.6207 1 000.00% 000 1 000.00% 04 1 000.00% —009.9958 1 000.00%
D3QN 0.6207 1 000.00% 000 1 000.00% 04 1 000.00% —009.9958 1 000.00%
D3QNTF 0.6207 1 000.00% 000 1 000.00% 04 1 000.00% —009.9958 1 000.00%
Greedy 0.6301 032 12 —109.9864
GA 0.6202 | 001.57% 000 1 100.00% 10 1 016.67% —054.9963 1 050.00%
PSO 0.6191 | 001.75% 017 1 046.88% 09 1 025.00% —061.9974 1 043.63%
NSGA-II 0.6197 | 001.65% 020 1 037.50% 08 1 033.33% —055.9968 1 049.088%
3*20+5%20 MOPSO 0.6214 | 001.38% 020 1 037.50% 08 1 033.33% —055.9951 1 049.089%
DQN 0.6164 | 002.17% 017 1 046.88% 09 1 025.00% —062.0001 1 043.63%
DDQN 0.6217 | 001.33% 020 1 037.50% 08 1 033.33% —055.9948 1 049.09%
D3QN 0.6191 | 001.75% 017 1 046.88% 08 1 033.33% —052.9974 1 051.81%
D3QNTF 0.6198 | 001.63% 000 7 100.00% 09 1 025.00% —044.9967 1 059.09%
Greedy 0.6226 060 18 —230.9939
GA 0.6170 | 000.90% 124 | 106.67% 13 1 027.78% —214.9995 1 006.92%
PSO 0.6197 | 000.47% 127 | 111.67% 131 027.78% —217.9968 1 005.63%
NSGA-II 0.6213 | 000.21% 118 | 096.67% 13 1 027.78% —208.9952 1 009.523%
3*20+5*20+7*%20 MOPSO 0.6178 | 000.77% 118 | 096.67% 131 027.78% —208.9987 1 009.521%
DQN 0.6174 | 000.84% 146 | 143.33% 12 1 033.33% —223.9991 1 003.03%
DDQN 0.6166 | 000.96% 129 | 115.00% 12 1 033.33% —206.9999 1 010.39%
D3QN 0.6183 | 000.69% 114 | 090.00% 131 027.78% —204.9982 1 011.25%
D3QNTF 0.6253 1 000.43% 076 | 026.67% 151 016.67% —195.9912 1 015.15%

Note: The highest value is highlighted in bold.
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of fiber allocation, achieving a 100% reduction in
segmented fibers and a 16.67% reduction in allocations.
Due to the requirement to balance multiple metrics and
GA's superior performance in one metric, the multi-
objective optimization algorithms NSGA-II and MOPSO
achieve slightly lower scores than GA. Nevertheless, in
comparison to D3QN and D3QNTF, the solutions
provided by GA remain uncompetitive, further under-
scoring the overall superiority of reinforcement learning
algorithms for this particular problem.

In the case of 3*20 + 5*20 + 7*20, all algorithms expe-
rience a significant increase in the number of segmented
fibers and allocations. The greedy algorithm, while
attempting to minimize fiber segments, results in a drastic
increase in the number of fiber allocations, leading to its
overall poorest performance. As illustrated in Fig. 6 and
Fig. 7, a visual comparison of the metrics for the 3*20 +
5*20 and 3*20 + 5*20 + 7*20 cases demonstrates that
D3QNTF effectively balances the number of segmented
fibers and allocations, maximizes the inventory score,
and ultimately achieves the highest return. For instance,
D3QNTF increases the number of fiber allocations to
reduce fiber segmentation, thereby improving the final

score. Furthermore, D3QNTF’s architecture, which
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incorporates dual action-advantage and state-value func-
tions and populates the replay buffer with randomly
initialized feasible solutions, enhances its learning capa-
bilities compared to traditional D3QN. This architecture
not only improves the stability of the algorithm but also
significantly enhances its optimization performance in
complex environments. Overall, D3QNTF demonstrates
exceptional capability in addressing large-scale and
highly complex fiber allocation problems.

5 Conclusions

In optical cable production, fiber allocation faces chal-
lenges like optimizing production efficiency, improving
quality, and lowering inventory costs. Traditional heuristic
algorithms often struggle, especially in complex and
dynamic settings. To address these issues, this paper
presents an advanced D3QNTF model, which extends the
DRL framework for a more adaptive solution. The
D3QNTF model incorporates dual action-advantage and
state-value functions and introduces a novel random
initialization method. This replaces the traditional method
of populating the experience pool through environmental
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Fig. 6 Metrics of different algorithms for the 3*¥20 + 5*20 case. (a) Inventory score; (b) Number of segmented fiber; (c) Number of fiber
allocation; (d) Return. Note: The red markers indicate the highest values achieved by the algorithm for the respective evaluation metrics,

which are highlighted in bold in Table 4.
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metrics, which are highlighted in bold in Table 4.

exploration. The approach helps reduce action-value
overestimation, improves network learning stability, and
enhances decision-making capabilities.

The agent interacts with the environment through
continuous decisions, feedback, and adjustments to
obtain the optimal strategy. Simulations confirm the
model's effectiveness. Compared to traditional reinforce-
ment learning, the D3QNTF model significantly
improves stability and learning capacity. It handles high-
dimensional challenges more efficiently and uses an
innovative initialization strategy to enhance learning. As
a result, decision-making quality is greatly improved,
boosting performance in fiber allocation tasks. The
D3QNTF model achieves better inventory scores, reduces
segmented fibers, and optimizes fiber allocations, yielding
the highest return values in all tests. These results demon-
strate strong decision-making and robustness. However,
the challenge of managing diverse customer orders in
production scheduling remains unresolved. Future
research should explore managing multiple orders within
a single model.
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