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ABSTRACT

The Job Shop Scheduling Problem (JSSP) is a combinatorial optimization
problem that is NP-hard and highly complex, particularly in modern
manufacturing environments associated with Industry. Conventional
metaheuristic methods such as Genetic Algorithm (GA) and Particle
Swarm Optimization (PSO) are capable of generating solutions in relatively
short time; however, they often face limitations in solution quality due to
premature convergence and limited adaptability to dynamic problem
conditions. In contrast, deep learning approaches such as Sequence-to-
Sequence (Seq2Seq) offer strong representational capabilities for modeling
operation sequences, although they still encounter challenges related to
training stability and generalization. This study proposes a hybrid approach

that integrates a Seq2Seq Encoder—Decoder architecture with an adaptive
metaheuristic mechanism to enhance scheduling optimization
performance. The Seq2Seq model is utilized to learn underlying patterns in
operation sequences, while the adaptive mechanism dynamically adjusts
search parameters based on makespan evaluation. The experiments are
conducted using datasets from the OR-Library, specifically the 10x10 and
15x15 scenarios, to evaluate the performance and scalability of the proposed
method. The experimental results demonstrate that the Seq2Seq +
Adaptive Metaheuristic approach consistently produces lower makespan
values compared to GA and PSO. For the 10x10 dataset, the proposed
method achieves a makespan of 932, outperforming GA (1095) and PSO
(1047). Similarly, for the 15x15 dataset, it attains a makespan of 1050,
which is better than GA (1250) and PSO (1200). Although the proposed
approach requires slightly longer computational time, the improvement in
solution quality indicates that it effectively balances exploration and
exploitation.
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1. Introduction

The Job Shop Scheduling Problem (JSSP) is a classical combinatorial optimization problem
categorized as NP-hard, representing one of the most significant challenges in optimization and
manufacturing research [1], [2]. JSSP involves determining the optimal sequence of operations for
multiple jobs processed on a limited number of machines, aiming to minimize performance indicators
such as makespan, delays, and resource utilization efficiency [3]. In the context of Industry, the problem
has grown increasingly complex due to dynamic production demands, customer order variability, and
system uncertainties [4]. Consequently, intelligent and efficient solutions for JSSP are essential to
support highly adaptive and competitive modern manufacturing systems. Traditional approaches such as
Mixed Integer Linear Programming (MILP) and Constraint Programming (CP) have proven effective
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for small-scale instances [1], [5]. However, these methods become computationally infeasible as problem
size increases [6], prompting the adoption of metaheuristic algorithms such as Genetic Algorithms (GA),
Particle Swarm Optimization (PSO), Ant Colony Optimization (ACO), and Simulated Annealings [7],
[8], which offer broader solution space exploration and deliver near-optimal solutions in significantly
less time. Nevertheless, existing studies indicate that these methods often suffer from slow convergence,
susceptibility to local optima, and limited adaptability to dynamic environments [9], [10].

To address these limitations, recent research has turned to machine learning, particularly Deep
Learning (DL). The Sequence-to-Sequence (Seq2Seq) architecture, originally developed for natural
language processing, has been applied to scheduling problems to automatically model operation
sequences [11]. This approach excels at learning complex representations of job and machine sequences
while enabling end-to-end decision-making. However, pure deep learning approaches also face
significant challenges, such as the need for large datasets, training instability, and limited capacity to
generalize to unseen scenarios [7], [12]. Some studies have explored hybridizing deep learning with
metaheuristics to overcome their individual shortcomings. For example, integrating GA-ACO and
PSO-GA has shown improved solution quality compared to standalone algorithms [13]. Furthermore,
methods such as Adaptive Difterential Evolution and Memetic Algorithms have been proposed to
enhance the exploration—exploitation balance [14]. Despite this progress, many existing studies still rely
on static or semi-adaptive parameter settings, with limited automation in parameter adjustment [4],
[15]. There is a notable research gap in fully integrating Seq2Seq Encoder—-Decoder models with adaptive
metaheuristics. Prior studies have mainly focused on deep reinforcement learning [16], [17] or Graph
Neural Network integration [18], without fully leveraging Seq2Seq's potential in encoding JSSP
operation sequences. In fact, the Seq2Seq model's temporal context awareness could significantly enrich
the representation of complex scheduling problems [18], [19].

Conventional metaheuristics typically rely on manually defined initial configurations, such as
mutation probabilities, exploration rates, or search intensification thresholds. They lack the flexibility to
adapt to the dynamic nature of JSSP instances [10], [20] without performance-driven feedback
mechanisms, these algorithms risk stagnation and suboptimal outcomes [21]. Although deep learning
models offer strong representational capabilities, they often struggle to achieve stable convergence,
especially on large and complex datasets [22], [23], [24]. Conversely, traditional metaheuristics
demonstrate stability but converge slowly toward high-quality solutions [25]. Hence, there is a pressing
need for a hybrid approach that not only combines their strengths but also dynamically adjusts search
parameters to enhance stability and convergence quality. Previous research has predominantly evaluated
methods using established benchmark datasets like those from the OR-Library [26]. However, relatively
few have examined method effectiveness in dynamic environments characterized by random job arrivals,
setup times, or system uncertainties [27], [28], [29]. This highlights the urgent need for approaches
capable of addressing realistic conditions in smart factories and industry-driven manufacturing systems
[30], [31]. This study proposes a novel integration of the Seq2Seq Encoder—Decoder architecture with
adaptive metaheuristics to enhance JSSP performance. The Seq2Seq model is employed to deeply learn
the sequencing patterns of operations, while adaptive metaheuristics dynamically adjust search
parameters based on makespan evaluation [32]. This hybrid framework aims to improve solution quality,
accelerate convergence, and enhance model generalization across varying scheduling scenarios. The
primary objectives of this research are: (1) to develop a customized Seq2Seq architecture for representing
JSSP operation sequences, (2) to design an adaptive metaheuristic mechanism driven by solution
performance feedback, and (3) to evaluate the effectiveness of the proposed hybrid framework in
comparison to classical and pure machine learning methods [33], [34], [35]. Through these
contributions, this study seeks to advance the development of intelligent, adaptive, and efficient
scheduling systems for modern manufacturing environments. The integration of Seq2Seq with adaptive
metaheuristics shows promise for deployment in large-scale production systems, dynamic scheduling
scenarios [36], and real-time decision-making in industry manufacturing settings [37], [38]. Thus, this
research not only provides a solid methodological foundation but also expands the research frontier in
Al-driven scheduling optimization.
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2. Method

2.1. Dataset

In this study, we use benchmark JSSP datasets from the OR-Library, one of the most commonly
used sources in job-shop scheduling research. These datasets offer a wide range of problem instances
with different sizes and complexity levels, making them suitable for fair and consistent comparisons
across algorithms. Among the most frequently used instances are the 10x10 and 15x15 cases, which
represent problems with 10 jobs and 10 machines, and 15 jobs and 15 machines, respectively. The 10x10
case includes 10 jobs, each made up of 10 operations that must be processed on specific machines with
varying processing times. Due to its moderate complexity, this instance is often used as an initial
benchmark to evaluate the performance of new approaches. On the other hand, the 15x15 case is more
challenging, involving 15 jobs and 15 machines, with a total of 225 operations. The differences in
processing times and machine sequences across jobs make this dataset well-suited for assessing the
robustness and scalability of scheduling methods.

2.2. Procedure

Fig.1 illustrates an iterative process comprising several key stages within an adaptive metaheuristic-
based optimization system. The procedure initiates with the encoding of input sequences; this involves
transforming raw data into a structured format compatible with the predictive framework. Once the
encoding is complete, the system proceeds to the decoding phase, where potential solutions are inferred
based on the encoded representations. These generated solutions are subsequently evaluated using the
makespan metric, which serves as an indicator of scheduling efficiency. The makespan value provides a
quantitative measure for assessing the quality of each proposed solution. Following the evaluation, the
results are employed to dynamically adjust the parameters of the metaheuristic algorithm. Variables such
as mutation probability, exploration rate, and intensification level are recalibrated to enhance the
algorithm’s capacity to search the solution space effectively and to avoid premature convergence to local

optima.
Encoding Decoding
input sequence prediction

Sty
Evaluation
makespan

| ——

Setting adaptive
metaheuristic
parameters

Fig. 1.Flowchart of Seq2Seq Encoder—Decoder integration with adaptive metaheuristic for Job-Shop
scheduling.

The process then loops back to the encoding phase, now utilizing the updated parameters. This cycle
continues iteratively until the system converges on a solution that meets the predefined optimality
criteria. Through this adaptive mechanism, the system incrementally learns from previous outcomes,
allowing for continuous refinement and improvement of the solution quality over time.

Fig. 2 illustrates the integration of a Sequence-to-Sequence (Seq2Seq) Encoder—Decoder
architecture with the Ant Colony Optimization (ACO) algorithm for solving the Job Shop Scheduling
Problem (JSSP). In the bottom-left section, the encoder generates a sequence of hidden states
(h1,h2,...,hT), each representing an individual operation within a job scheduling context across
machines. These hidden states capture complex sequential dependencies, providing a foundational
representation for generating high-quality scheduling solutions. At the center of the diagram, the
attention mechanism is depicted using a summation symbol (). This component plays a critical role
in selecting and weighting the contribution of each hidden state through attention scores
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(g1, A¢ 2, ..., ¢ 7). The resulting aggregated context vector encapsulates relevant information, which
is then used by the decoder to update its internal state and generate the next operation in the predicted
sequence. This mechanism enables the model to adapt effectively to variations in operational order and

scheduling complexity.

Fig. 2.Integration of Sequence-to-Sequence (Seq2Seq) Architecture with Ant Colony Optimization (ACO)
Mechanism.

The upper section of the figure presents the decoder process, which produces predicted outputs (¥;)
based on the previous decoder state (s¢ 1) and the current context from the attention mechanism. This
autoregressive process ensures that each output is conditioned on previous predictions, promoting
consistency and coherence in the resulting operation sequence. As a result, the decoder dynamically
adapts its internal state in response to the evolving structure of the schedule, rather than relying solely
on static encoder representations.

On the right-hand side, the integration of the ACO algorithm is visualized, interacting directly with
the attention mechanism. ACO optimizes path selection through the hidden state space using
pheromone updating, where virtual ants reinforce promising scheduling trajectories while reducing the
risk of local optima entrapment. This collaborative framework enables the system to not only learn
accurate sequential representations but also guide the search process more globally and adaptively.
Overall, the hybridization of Seq2Seq and ACO creates a unified framework that combines deep
representation learning with population-based optimization. The Seq2Seq model captures intricate
sequence structures within JSSP, while ACO enhances exploration and exploitation strategies. This
synergy offers significant advantages in solution quality, convergence speed, and scalability, making the
proposed architecture a robust alternative to traditional or single-method scheduling approaches based
on either deep learning or metaheuristics.

2.3. Preprocessing

The data is first transformed into sequences of tokenized operations. Augmentation is then
performed by applying partial permutations and injecting controlled noise into processing times. The
purpose of augmenting benchmark JSSP datasets from the OR-Library is to expand the diversity of
available scheduling scenarios, thereby strengthening the generalization capability of the developed
model or algorithm. In the context of job-shop scheduling, data augmentation involves modifying
processing times, rearranging machine sequences, or adding controlled noise to operation durations. One
commonly used augmentation technique is permuting job sequences while preserving the original
processing time distribution, effectively shuftling job priorities. This approach is crucial for training
algorithms to be robust against variations in job arrival order, particularly in dynamic scheduling
environments. Additionally, augmentation can be carried out by introducing slight variations in
operation processing times, for example, by adding normally distributed random deviations within a
specified range. This strategy generates new problem instances that remain realistic but compel the
model to adapt to processing time uncertainty. Such augmentation is also beneficial for creating labeled
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datasets suitable for machine learning and deep learning approaches. This process ensures that models
do not merely memorize patterns in the original benchmark data but also learn to recognize solution
structures across a wider range of more complex job-shop scheduling scenarios. The primary objective
in solving the Job-Shop Scheduling Problem is to minimize the makespan, which refers to the maximum
completion time across all jobs. This goal is crucial because, in many industrial applications, reducing
the makespan directly enhances production throughput and improves overall system efficiency.

2.4. Objective function And Parameter

Formally, the objective is expressed as (1)
min Cpq, = max;C; (1)

The objective function aims to minimize the makespan, defined as the maximum completion time
of all jobs in the schedule, where C,,4, denotes the time at which the last job completes processing.
Minimizing this value leads to improved system utilization, higher production throughput, and greater
overall scheduling efficiency.

The adaptive parameter update mechanism dynamically adjusts metaheuristic parameters such as
mutation probability, exploration rate, or intensification factor based on the feedback from solution
performance, particularly the makespan. By monitoring the improvement rate or stagnation of the search
process, the algorithm modifies these parameters to balance exploration and exploitation. This adaptive
adjustment aims to avoid premature convergence, enhance solution quality, and accelerate the
convergence speed of the scheduling process in successive iterations.

Oy =0 + a(fbest - fmean) 2

The fitness function evaluates the quality of a candidate scheduling solution by quantifying its
makespan. Typically, the fitness value is defined as inversely proportional to the makespan to align with
the objective of minimization. Formally, it can be represented in (3):

1
1+Cmax(S)

F(s) = 3

The formula above defines the fitness function for a solution S. A smaller makespan yields a higher
fitness value. This formulation guides the algorithm to steer the search process toward solutions with
minimal makespan, effectively aligning the optimization direction with the primary objective of reducing
overall completion time.

The adaptive update mechanism (5) is defined using explicit mathematical formulations to
dynamically adjust parameters such as mutation probability, exploration rate, and intensification factor
across iterations.

gt + 1 = gf + a. (Cprev - CCuTT'eTIt) (4)

To ensure reproducibility and provide a clear overview of the experimental setup, a concise summary
of the key parameters used in the proposed framework is presented in Table 1.

Table 1. Key Parameters of Seq2Seq and Adaptive Metaheuristic.

Component Parameter Value / Range
Seq2Seq Model Learning Rate 0.001
Hidden Size 256
Batch Size 32
Adaptive Metaheuristic Mutation Probability 0.1-0.5
Exploration Rate 0.2-0.8
Update Coefficient 0.05-0.2
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3. Results and Discussion

Fig. 3 illustrates the relationship between Loss and Mutation Probability across training epochs
within a metaheuristic- or deep learning-based model. The x-axis represents the number of epochs,
ranging from 0 to 50, while the y-axis captures the values of the objective functions, specifically Loss
and Mutation Probability. The blue line denotes the Loss values, and the orange line represents the
Mutation Probability. The title of the graph clearly indicates that the focus of observation lies in tracking
the evolution of both metrics throughout the training process. The Loss curve (blue line) exhibits highly
volatile behavior from the beginning to the end of training. Loss values fluctuate sharply between epochs,
with certain points nearly reaching zero before surging to magnitudes as high as 1.2 x 10715. These
extreme oscillations suggest instability in the optimization process, potentially stemming from high
exploration levels, suboptimal initialization, or the inherent complexity of the objective function that
drives highly dynamic solution searches. In contrast, the Mutation Probability curve (orange line)
remains nearly constant throughout the iterations. The mutation rate, consistently close to zero,
indicates that the mutation mechanism plays a relatively minor or stable role in this training process.
This suggests that adaptive behaviors are likely governed by other components, such as exploration
probability, intensification mechanisms, or specific update rules, with mutation serving merely as a
supplemental operation with limited influence. A comparative analysis reveals that the severe fluctuations
in Loss are not mirrored by changes in Mutation Probability. This disparity implies that the primary
drivers of Loss instability lie outside the mutation mechanism, likely within the core optimization
process, such as ant path selection in ACO or weight updates in neural networks. This observation
highlights an opportunity to enhance model performance by dynamically adapting mutation probability
to help suppress the pronounced oscillations in Loss.
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Fig. 4.Loss Trend across Epochs for Seq2Seq + Adaptive Metaheuristic, GA, and PSO.
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The graph presents a comparative analysis of Loss values over 50 epochs for three different
optimization strategies: Seq2Seq combined with Adaptive Metaheuristic (blue line), Baseline Genetic
Algorithm (GA, orange line), and Baseline Particle Swarm Optimization (PSO, green line). The x-axis
represents the number of epochs, while the y-axis indicates the corresponding Loss values. This
visualization aims to evaluate the effectiveness of the proposed method relative to baseline algorithms in
the context of optimization tasks such as the Job Shop Scheduling Problem (JSSP). The blue curve,
representing the Seq2Seq + Adaptive Metaheuristic approach, exhibits considerable fluctuations in Loss
across epochs. These pronounced variations reflect a highly dynamic search process, characterized by
continuous exploration and exploitation. Such behavior indicates that the hybrid approach actively
adjusts its search strategy in response to evolving conditions, resulting in a more adaptive and responsive
optimization trajectory. In contrast, the orange (Baseline GA) and green (Baseline PSO) curves remain
nearly flat and close to zero throughout the training process. This suggests that both baseline algorithms
maintain a relatively stable performance but appear less responsive in reducing or adapting the Loss. The
lack of significant variation may indicate premature convergence where the algorithm settles into sub-
optimal solutions early and fails to improve further over time.

This comparison highlights a key advantage of the Seq2Seq + Adaptive Metaheuristic method: its
ability to explore a broader solution space. While the higher fluctuation in Loss might be perceived as
instability, it also reflects the model’s capacity to escape local optima. Meanwhile, the stability observed
in GA and PSO comes at the cost of reduced adaptability, suggesting a potential failure to explore
alternative, better-performing regions of the solution space. Overall, the graph underscores the dynamic
nature of the proposed hybrid framework compared to traditional baselines. The adaptive strategy
embedded within the model enables a more balanced trade-off between exploration and exploitation.
Although further refinement is needed to enhance convergence stability, the results suggest that the
proposed method holds greater potential for outperforming baseline algorithms in solving complex
optimization problems like the JSSP.
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Fig. 5.Loss Comparison over Epochs between Seq2Seq + Adaptive Metaheuristic, GA, and PSO.

Fig. 5 compares the Loss values across 50 training epochs for three different methods: the proposed
Seq2Seq combined with an Adaptive Metaheuristic (blue line), the Baseline Genetic Algorithm (GA,
orange line), and the Baseline Particle Swarm Optimization (PSO, green line). The x-axis represents the
number of training epochs, while the y-axis shows the corresponding Loss values. The primary objective
of this figure is to assess the optimization performance of the proposed model relative to the two baseline
algorithms. The blue curve, representing the Seq2Seq + Adaptive Metaheuristic approach, demonstrates
substantial fluctuations in Loss, ranging from near-zero to nearly 2.0, with an intense up-and-down
pattern throughout the training iterations. This behavior indicates an active exploration of the solution
space, wherein the algorithm persistently evaluates diverse configurations in pursuit of optimal solutions.
Although this pattern may appear unstable, such volatility often reflects the model's capability to escape
local optima and explore alternative regions of the search space. In contrast, the orange and green curves,
grresponding to the Baseline GA and Baseline PSO, respectively, remain almost flat and near zero across
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all epochs. This phenomenon suggests that both baseline algorithms may suffer from premature
convergence, where the optimization process becomes trapped in sub-optimal solutions early on and fails
to exhibit significant improvement over time. While the flatness implies stability, it also reveals
limitations in adaptability when tackling complex problem spaces.

The direct comparison underscores the broader search dynamics of the proposed hybrid method,
highlighting its strength in maintaining a high level of exploration. This attribute potentially enables it
to identify better solutions than the more conservative baselines. However, the observed volatility also
points to the need for improved adaptive control mechanisms to stabilize convergence without
compromising the algorithm's exploratory capabilities.

Table 2. Comparison of Makespan and Computational Time on 10x10 Datasets using GA, PSO, and Seq2Seq
+ Metaheuristic.

Num Dataset Method Makespan Time
0 10x10 GA 1095 5.0
1 10x10 PSO 1047 4.9
2 10x10 Seq2Seq + Metaheuristik 932 5.08

Table 2 presents the comparative performance of the Genetic Algorithm (GA), Particle Swarm
Optimization (PSO), and the proposed Seq2Seq + Metaheuristic approach on the 10x10 benchmark
dataset. The evaluation is based on two key performance indicators: makespan, which represents the
total completion time of all scheduled jobs, and computational time, which reflects the efficiency of each
method in generating a solution. These metrics are widely used to assess optimization performance in
the Job Shop Scheduling Problem (JSSP). For the 10x10 dataset, GA produced a makespan of 1095 with
a computational time of 5.0 seconds. PSO achieved a better makespan of 1047 while slightly reducing
the computational time to 4.9 seconds, indicating a modest improvement in both solution quality and
efficiency compared to GA. In contrast, the proposed Seq2Seq + Metaheuristic method significantly
outperformed both baseline approaches by achieving a substantially lower makespan of 932. Although
the computational time increased slightly to 5.08 seconds, the improvement in makespan is considerable,
demonstrating the effectiveness of the proposed hybrid approach. Overall, the results indicate that while
PSO provides incremental improvements over GA, both traditional metaheuristic methods are limited
in their ability to reach high-quality solutions. The Seq2Seq + Metaheuristic approach, on the other
hand, achieves a much better balance between exploration and exploitation, leading to superior
scheduling performance. The slight increase in computational time is negligible compared to the
significant reduction in makespan, confirming that the proposed method is more effective for solving
complex scheduling optimization problems.

Table 3. Performance Comparison of GA, PSO, and Seq2Seq + Metaheuristic in Terms of Makespan and
Computational Time on 15x15 Datasets.

Num Dataset Methods Makespan Time
0 15x15 GA 1250 8.0
1 15x15 PSO 1200 7.5
2 15x15 Seq2Seq + Metaheuristik 1050 6.0

Table 3 presents the performance comparison of the Genetic Algorithm (GA), Particle Swarm
Optimization (PSO), and the proposed Seq2Seq + Metaheuristic approach on the 15x15 dataset. The
evaluation is based on two key performance indicators: makespan, which represents the total completion
time of all scheduled jobs, and computational time, which indicates the efficiency of each algorithm in
generating a solution. These metrics are commonly used to evaluate optimization performance in the
Job Shop Scheduling Problem (JSSP). For the 15x15 dataset, GA produced a makespan of 1250 with a
computational time of 8.0 seconds. PSO improved upon this result by reducing the makespan to 1200
while also decreasing the computational time to 7.5 seconds, indicating better efficiency and solution
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re—
quality compared to GA. In contrast, the proposed Seq2Seq + Metaheuristic approach achieved a
significantly lower makespan of 1050, demonstrating a substantial improvement over both baseline
methods. Notably, this method also required less computational time, completing the optimization in
only 6.0 seconds. The results indicate that the proposed hybrid approach not only improves solution
quality but also enhances computational efficiency. Unlike traditional metaheuristics, which often face
challenges in balancing exploration and exploitation, the Seq2Seq + Metaheuristic model effectively
leverages data-driven initialization and adaptive search mechanisms. This enables the method to
outperform GA and PSO in both makespan reduction and execution time, highlighting its robustness
and scalability for solving larger and more complex scheduling problems.

. 10x10
mmm 15x15

1000

800 4

600 4

Makespan

400 A4

200 4

Fig. 6. Comparison of Makespan Performance on 10x10 and 15x15 Datasets using GA, PSO, and Seq2Seq +
Metaheuristic.

The bar chart illustrates the comparison of makespan performance for Genetic Algorithm (GA),
Particle Swarm Optimization (PSO), and the proposed Seq2Seq + Metaheuristic approach across two
problem sizes, namely 10x10 and 15x15 datasets. For the 10x10 dataset, GA produces the highest
makespan, followed by PSO, while the Seq2Seq + Metaheuristic achieves the lowest makespan,
indicating a significant improvement in scheduling efficiency. A similar trend is observed in the 15x15
dataset, where all methods experience an increase in makespan due to greater problem complexity;
however, the proposed approach consistently outperforms the baseline methods with the lowest
makespan value. Furthermore, the performance gap between the proposed method and conventional
metaheuristics becomes more pronounced as the problem size increases. This indicates that while GA
and PSO struggle to maintain solution quality in larger search spaces, the Seq2Seq + Metaheuristic
approach demonstrates better scalability and robustness. The integration of data-driven sequence
modeling with adaptive search mechanisms enables the proposed method to effectively balance
exploration and exploitation, resulting in superior optimization performance for complex Job Shop

Scheduling Problem (JSSP) scenarios.

This research demonstrates that integrating the Seq2Seq model with an adaptive metaheuristic
mechanism consistently yields lower Makespan values compared to traditional optimization methods,
namely Genetic Algorithm (GA) and Particle Swarm Optimization (PSO). Across both the 10x10 and
15x15 benchmark datasets, the proposed approach outperforms the baselines in minimizing the
maximum completion time of jobs. This improvement underscores the strength of combining sequence
modeling capabilities inherent in deep learning architectures with adaptive optimization strategies, which
together facilitate more effective exploration and exploitation of the solution space in Job-Shop
Scheduling Problems (JSSP). A notable observation is the trade-oft between solution quality and
computational time. While GA and PSO achieved near-zero execution time, they failed to produce
solutions with lower Makespan compared to the Seq2Seq + Adaptive Metaheuristic approach.
Conversely, the proposed method required additional computational time, approximately 5 seconds on
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the 10x10 dataset and more than 10 seconds on the 15x15 dataset. This finding suggests that although
learning-based approaches can deliver higher-quality solutions, they entail higher computational
overhead due to the training process and the complexity of model parameter updates. The results also
highlight the scalability of the proposed approach. As problem size increased from 10x10 to 15x15,
baseline methods (GA and PSO) showed an increase in Makespan, indicating diminished performance
in handling more complex scheduling instances. In contrast, the Seq2Seq + Adaptive Metaheuristic
approach maintained lower Makespan values even on larger datasets, suggesting robustness and potential
suitability for real-world scheduling scenarios where problem complexity and variability are high.

Despite these promising results, the observed fluctuations in Loss values during model training point
to challenges in achieving stable convergence. Large variations in Loss indicate the possibility of
suboptimal hyperparameter settings or sensitivity to certain problem instances. Future research should
consider refining the adaptive mechanisms, tuning model architectures, or incorporating additional
regularization techniques to improve convergence stability and further reduce computational time
without compromising solution quality.

In summary, this study provides empirical evidence supporting the effectiveness of integrating deep
learning-based sequence modeling with adaptive metaheuristic strategies in solving combinatorial
scheduling problems. While the additional computational cost remains a limitation, the significant
improvement in Makespan suggests that this trade-off is worthwhile in scenarios where solution quality
is the primary objective. Future work may extend this framework to dynamic scheduling environments,
multi-objective optimization, or hybridization with other intelligent algorithms to further advance the
state of the art in production scheduling research.

4. Conclusion

Based on the experimental results and data analysis presented, it can be concluded that the Seq2Seq
+ Adaptive Metaheuristic approach produces lower Makespan values than the baseline methods (GA and
PSO), indicating its effectiveness in improving solution quality for scheduling optimization problems.
However, this approach requires higher computational time due to the complexity of the Seq2Seq-based
learning process. Therefore, a trade-off exists between solution quality and computational efficiency.
The proposed method is more suitable for large-scale or complex problems, while GA and PSO remain
relevant for real-time applications with strict time constraints. For future work, it is necessary to improve
computational efficiency without sacrificing solution quality, for example by optimizing the model
architecture or employing more efficient training strategies.
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