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Abstract. The job shop scheduling problem (JSSP) remains a signifi-
cant hurdle in optimizing production processes. This challenge involves
efficiently allocating jobs to a limited number of machines while min-
imizing factors like total processing time or job delays. While recent
advancements in artificial intelligence have yielded promising solutions,
such as reinforcement learning and graph neural networks, this paper
explores the potential of Large Language Models (LLMs) for JSSP. We
introduce the very first supervised 120k dataset specifically designed to
train LLMs for JSSP. Surprisingly, our findings demonstrate that LLM-
based scheduling can achieve performance comparable to other neural
approaches. Furthermore, we propose a sampling method that enhances
the effectiveness of LLMs in tackling JSSP.

Keywords: JSSP, Large Language Models, supervised dataset, artificial
intelligence, sampling method, LLM.

1 Introduction

The job shop scheduling problem (JSSP) remains a well-studied and computation-
ally challenging problem in the field of production scheduling and optimization.
It entails the efficient allocation of a set of N jobs, each with heterogeneous
processing times, to a limited number of M machines. The primary objective is
to optimize a performance metric, such as minimizing the total completion time
(makespan, denoted by Cmax) or reducing the flow time (average completion
time) of individual jobs. JSSP finds application in diverse manufacturing and
service environments, impacting factors like production throughput, resource uti-
lization, and ultimately, customer service levels. Traditional approaches to JSSP
have primarily relied on mathematical programming techniques and heuristic
algorithms [6]. However, these methods often exhibit limitations in scalability
and effectiveness, particularly for large-scale problems, or those with complex
job-machine precedence relationships. This has motivated the exploration of
alternative approaches, particularly with the recent advancements in artificial
intelligence (AI). Techniques like reinforcement learning and graph neural net-
works have shown promise in addressing JSSP, offering data-driven solutions to
this problem[20][9].

This paper explores the potential of Large Language Models (LLMs) in
tackling the complexities of the job shop scheduling problem (JSSP). To the best
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of our knowledge, we are the first to utilize large language models (LLMs) for
end-to-end scheduling in JSSP problems. On small-scale JSSP problems we show
that minimal fine-tuning through LoRA method [14] enables LLM to schedule,
by finding high-quality solutions, sometimes matching or surpassing traditional
neural approaches. LLMs represent a class of AI models trained on massive
datasets of text data. This extensive training equips them with the ability to
comprehend and generate human-like language. We posit that LLMs, with their
inherent ability to process and reason over complex information, can be effectively
harnessed to address JSSP. To this end, we introduce a novel supervised dataset
1 designed to train LLMs specifically for the task of job shop scheduling. This
dataset is different from the usual ones used for JSSP problems. Instead of
traditional matrix representation format, this dataset includes natural language
description of the JSSP problem and solution, specifically made for training
LLMs.

This paper presents a comparative analysis that demonstrates the efficacy
of LLM-based scheduling. Our findings indicate that LLMs have the potential
to effectively schedule tasks, demonstrating performance on par with some of
the current neural network methods for JSSP. Furthermore, we add sampling
method on top of the LLM that serves to enhance the effectiveness of LLMs in
tackling this problem. The contributions of this work to the field of JSSP are
multifaceted:

– We introduce the very first supervised 120k dataset specifically designed for
LLM training for JSSP. This dataset addresses the unique requirements of
the problem domain, facilitating effective LLM training.

– We explore the potential application of LLMs for job shop scheduling, offering
a novel approach.

– We present a comparative analysis demonstrating the effectiveness of end-to-
end LLM-based scheduling compared to existing neural network approaches.

– This analysis sheds light on the capabilities of LLMs in this domain.
– We use sampling method that improves LLM performance in JSSP.

In summary, this paper introduces a new supervised dataset for LLM training
for JSSP, offering valuable insights and a robust framework for further exploration
in this area.

2 Related Work

The job shop scheduling problem (JSSP) with more than two machines is proven
to be NP-hard [13]. As a result, finding exact solutions for JSSP is generally
infeasible, leading to the widespread use of heuristic and approximate methods
for practical efficiency [5]. Traditional approaches to solving JSSP have primarily
relied on search and inference techniques developed by the constraint program-
ming community [3]. These techniques effectively leverage constraints to define

1 https://github.com/starjob42/datasetjsp

https://github.com/starjob42/datasetjsp
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the relationships and limitations between jobs and resources, enabling efficient
exploration of feasible solution spaces and the identification of optimal or near-
optimal schedules [16]. A widely used heuristic method in real-world scheduling
systems is the Priority Dispatching Rule (PDR) [19]. PDRs are effective, although
designing an efficient PDR is time-consuming and requires extensive domain
knowledge.

Recently, approaches utilizing Deep Learning and Neural Networks have
gained attention for finding promising solutions to the Job Shop Scheduling
Problem (JSSP) [4], [20], [9]. These methods can be broadly categorized into
supervised learning and reinforcement learning (RL). Current research in deep
reinforcement learning (DRL) is actively focused on developing advanced methods
to tackle JSSP. Existing DRL methods typically represent JSSP as a Markov
Decision Process (MDP) and learn a policy network based on DRL techniques[20].

While there are currently no papers that directly address the scheduling of
Job Shop Scheduling Problems (JSSP) using LLMs, some notable works explore
the potential of LLMs in mathematical reasoning and programming [7,17,2,18].
Optimization using large language models (LLMs) has gained significant interest
in recent years, with several works exploring their capabilities across various
domains [18]. The ability of LLMs to understand and generate natural language
has opened new possibilities for optimization tasks that were traditionally solved
using derivative-based algorithms or heuristic methods[18]. Notably, [7] have
done a comprehensive evaluation of LLMs, incorporating an examination of their
performance in mathematical problem-solving. [7] introduces a novel approach
called "Program of Thoughts" (PoT) prompting. Unlike the Chain of Thoughts
(CoT) method[17], which uses language models to generate both reasoning steps
and computations, PoT separates these tasks. PoT uses language models to
generate programming language statements for the reasoning steps and then
delegates the actual computation to a program interpreter. In [2] the authors
conduct a comprehensive survey of mathematical problems and corresponding
datasets investigated in the context of LLMs. [2] examines the spectrum of LLM-
oriented techniques for mathematical problem-solving, providing insights into their
strengths and weaknesses. [12] explores the impact of LLMs on mathematicians’
workflows, envisioning changes in research and education through automated
assistance and new exploration methods. It provides empirical evidence on
LLMs’ performance in solving problems and generating proofs, highlighting both
successes and failures to give a balanced view of their current capabilities.

More recent works, such as [18] highlight the potential of LLMs as optimizers,
capable of iteratively refining solutions based on a trajectory of previously
evaluated solutions. By leveraging the unique strengths of LLMs, such as their
natural language understanding and generation capabilities. Paper demonstrates
case studies on two fundamental optimization problems: linear regression and the
traveling salesman problem. [18] demonstrates that in small-scale optimization
scenarios, LLMs can generate high-quality solutions solely through prompting,
sometimes matching or even surpassing the performance of manually crafted
heuristic algorithms.
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Explorations into using LLMs for graph learning tasks have yielded notable
approaches. [8] introduces two pipelines: LLMs-as-Enhancers, where LLMs refine
textual data for Graph Neural Networks (GNNs), and LLMs-as-Predictors, where
LLMs generate predictions directly from graph structures in natural language.
Additionally, [21] presents GRAPHTEXT, a method that translates graphs into
natural language for LLM-based reasoning. GRAPHTEXT constructs graph-
syntax trees for training-free, interactive reasoning, achieving performance on
par with or exceeding supervised GNNs through in-context learning, highlighting
LLMs’ potential in graph machine learning.

3 Preliminary

The Job-Shop Scheduling Problem (JSSP) is formally defined as a problem
involving a set of jobs J and a set of machines M . The size of the JSSP problem
instance is described as NJ ×NM , where NJ represents the number of jobs and
NM the number of machines. For each job Ji ∈ J , it must be processed through
ni machines (where ni is the number of operations for job Ji) in a specified order
Oi1 → . . . → Oini , where each Oij (for 1 ≤ j ≤ ni) represents an operation
of Ji with a processing time pij ∈ N. This sequence also includes a precedence
constraint. Each machine can process only one job at a time, and switching jobs
mid-operation is not allowed. The objective of solving a JSSP is to determine
a schedule, that is, a start time Sij for each operation Oij , to minimize the
makespan Cmax = maxi,j{Cij = Sij + pij} while meeting all constraints. The
complexity of a JSSP instance is given by NJ ×NM .

4 Dataset Generation

In order to try to solve the JSSP with LLM, we first need to represent the
problem in natural language. To do that, we have to transform the matrix-based
representation in standard JSSP format to a human-readable format. See the
example in Listing 1.1.

Listing 1.1. Job Shop Scheduling Problem instance (ft06)[11] with NJ = 6 and NM = 6.
The problem instance begins with the problem size on the first row, followed by the
operations for each job. Odd columns list machines, and even columns list durations.
The last row indicates the makespan (55.0)

6 6
2 1 0 3 1 6 3 7 5 3 4 6
1 8 2 5 4 10 5 10 0 10 3 4
2 5 3 4 5 8 0 9 1 1 4 7
1 5 0 5 2 5 3 3 4 8 5 9
2 9 1 3 4 5 5 4 0 3 3 1
1 3 3 3 5 9 0 10 4 4 2 1
55 .0
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4.1 Converting JSSP problem instance to Natural Language: Feature
Generation

We use two methods to convert a Job Shop Scheduling Problem (JSSP) from a
matrix representation into a human-readable format. Each method presents the
information differently.

4.2 Approach 1: Job-Centric

This approach describes the tasks organized by jobs, providing a job-centric view
of the scheduling problem.

– Initialization: Begins by introducing the problem, detailing the number of
jobs and machines involved.

– Task Organization: Enumerates operations for each job, specifying the
sequence of operations, the corresponding machines, and their respective
durations.

– Description Generation: Provides a detailed description of each machine’s
tasks, including the job number, operation number, and duration, ensuring
clarity and completeness.

Listing 1.2. Job-Centric approach: Natural Language description of a JSSP Problem
instance of size NJ = 3 and NM = 3

Optimize schedule for 3 Jobs across 3 Machines to minimize makespan.
Each job involves a series of Operations needing specific machines
and times. Operations are processed in order, without interruption,
on a single Machine at a time.

Problem:

Job 0 consists of the following Operations:
Operation 0 on Machine 0 duration 105 mins.
Operation 1 on Machine 1 duration 29 mins.
Operation 2 on Machine 2 duration 213 mins.

Job 1 consists of the following Operations:
Operation 0 on Machine 2 duration 193 mins.
Operation 1 on Machine 1 duration 18 mins.
Operation 2 on Machine 0 duration 213 mins.

Job 2 consists of the following Operations:
Operation 0 on Machine 0 duration 78 mins.
Operation 1 on Machine 2 duration 74 mins.
Operation 2 on Machine 1 duration 221 mins.
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4.3 Approach 2: Machine-Centric

Overview This approach describes the operations organized by machines, pro-
viding a machine-centric view of the scheduling problem.

– Initialization: Begins by introducing the problem, detailing the number of
jobs and machines involved.

– Task Organization: Enumerates operations for each machine, specifying the
sequence of operations, the corresponding jobs, and their respective durations.

– Description Generation: Provides a detailed description of each machine’s
tasks, including the job number, operation number, and duration, ensuring
clarity and completeness.

Listing 1.3. Machine-Centric approach: Natural Language description of a JSSP
instance of size NJ = 3 and NM = 3

Optimize schedule for 3 Jobs across 3 Machines to minimize makespan.
Each job involves a series of Operations needing specific machines
and times. Operations are processed in order, without interruption,
on a single Machine at a time.

Problem:

Machine 0 is used for the following Operations:
Job 0 Operation 0 duration 105 mins.
Job 2 Operation 0 duration 78 mins.
Job 1 Operation 2 duration 213 mins.

Machine 1 is used for the following Operations:
Job 0 Operation 1 duration 29 mins.
Job 1 Operation 1 duration 18 mins.
Job 2 Operation 2 duration 221 mins.

Machine 2 is used for the following Operations:
Job 1 Operation 0 duration 193 mins.
Job 2 Operation 1 duration 74 mins.
Job 0 Operation 2 duration 213 mins.

4.4 Zero-shot inference and Label generation

Our choice of LLM is relatively small Phi-3-Mini-128K-Instruct open-source
model with 128K context size. Later we will refer this model as Phi3. The model
is one of the open-source AI models developed by Microsoft. It is a 3.8 billion-
parameter, lightweight, state-of-the-art model trained using the Phi-3 datasets.
It shows good performance across a variety of language, reasoning, coding, and
math benchmarks [1].
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Initially, we considered performing zero-shot inference with the Phi3 to solve
the JSSP. However, the model consistently produced general descriptions of how
to solve the problem instead of actual solutions. Occasionally, it provided partial
solutions, but these were mostly infeasible.

Because the zero-shot inference results were not satisfactory, we decided to
finetune the large language model (LLM) using a supervised approach. This
required creating a supervised dataset, which included not only the problem
formulations in natural language as described in Section 4 but also the solutions.

To generate feasible solutions, we employed Google’s OR-Tools. The configu-
ration for the Google’s OR-Tools solver was set as follows:

– Maximum time allowed for the solver: 300 seconds.
– Number of search workers: 42.
– Search branching strategy: cp_model.AUTOMATIC_SEARCH.

We have generated approximately 120,000 random JSSP problems of various
sizes 2, ranging from 2x2 to 20x20, with the duration of each operation between 5
and 500 units. We created problems with asymmetric sizes also, such as 3x2 and
10x5, to enhance the model’s generalization capability. Overall, the final dataset
consists of around 120,000 natural language descriptions of JSSP problems along
with their feasible solutions. Since we limited the maximum allowed time for
Google’s OR-Tools to 300 seconds, the optimality of solutions for problems with
NJ > 10 and NM > 10 is not guaranteed.

Listing 1.4. Natural Language description of the solution of JSSP problem instance of
size NJ = 3 and NM = 3

Solution:

Job 2 Operation 0 on Machine 0 : 0 + 78 -> 78
Job 1 Operation 0 on Machine 2 : 0 + 193 -> 193
Job 0 Operation 0 on Machine 0 : 78 + 105 -> 183
Job 0 Operation 1 on Machine 1 : 183 + 29 -> 212
Job 2 Operation 1 on Machine 2 : 193 + 74 -> 267
Job 1 Operation 1 on Machine 1 : 212 + 18 -> 230
Job 1 Operation 2 on Machine 0 : 230 + 213 -> 443
Job 2 Operation 2 on Machine 1 : 267 + 221 -> 488
Job 0 Operation 2 on Machine 2 : 267 + 213 -> 480

Makespan: 488.0, as it is the maximum end completion time of Operation 2

5 Training

To prepare the dataset for fine-tuning we randomly select an initial user prompt
variation from a predefined set to prevent overfitting on a single instruction:

2 https://github.com/starjob42/datasetjsp

https://github.com/starjob42/datasetjsp
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– "Instruct: Provide a solution schedule for the JSSP problem below,
also indicate the makespan."

– "Task: Provide the steps of a solution for the JSSP problem and
determine the makespan."

– "Command: Give a detailed solution to tackle the JSSP problem, focusing
on optimizing the makespan."

The context is established by defining the assistant as an expert in JSSP
({"role": "system", "content": "You are an expert in Job Shop Scheduling
Problem"}). Then the function constructs a message sequence with roles for the
system, user, and assistant, incorporating the selected user prompt and corre-
sponding natural language JSSP problem and solution. This sequence is then
formatted using a chat template from the tokenizer[10].

The tokenizer is initialized with the following settings: padding_side is
set to ’right’, ensuring that padding tokens are added to the end of the se-
quence; pad_token is set to the tokenizer’s end-of-sequence (eos_token) token;
model_max_length is set to 40,000, defining the maximum length of the se-
quences to avoid memory issues; truncation is enabled to truncate sequences
longer than the maximum length; and padding is enabled to pad sequences
shorter than the maximum length. These settings ensure that the sequences are
appropriately padded and truncated for model input. In order to fine-tune the
model we utilized the LoRA: Low-Rank Adaptation method [14]. The method
significantly improves the efficiency of fine-tuning large pre-trained language
models. LoRA reduces the number of trainable parameters by injecting trainable
rank decomposition matrices into each layer of the Transformer architecture
while keeping the pre-trained model weights frozen. For fine-tuning, we followed
a sample fine-tuning script provided on the Microsoft Hugging Face official web-
site [15]. The base model is loaded with specific quantization configurations to
optimize memory and computational efficiency using BitsAndBytesConfig, which
configures 4-bit quantization with NF4 quantization type. We have used the
LoRA rank (128), scaling factor (lora_alpha=256), target modules for adaptation
(qkv_proj, o_proj, fc1, and fc2 ), and dropout rate (0.05). Gradient checkpointing
is enabled to reduce memory usage during training. Fine-tuning was performed
on a dataset of 120,000 examples as described in Section 4, with 2,000 examples
reserved for validation. We used Machine-Centric approach as discussed in 4.3
during the training. We used micro-batch size of 2 and a gradient accumulation
step to achieve an effective batch size of 64. The learning rate is set to 2e-4, and
the optimizer used is paged_adamw_8bit. The fine-tuning is set for 1 epoch, with
logging and evaluation occurring every 25 steps. We fix the seed to 42 to ensure
reproducibility. The training is performed using single NVIDIA A6000 GPU with
48 GB of RAM for around 242 hours or 10 days. The training and validation
curves are presented on Figure 1
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Fig. 1. Left: Training and Validation Losses of Phi-3 Model. Right: The Norm of the
Gradient during the fine-tuning of Phi-3 Model

6 Evaluation

To evaluate the model’s performance, we created a separate random evaluation
dataset distinct from the training data. This dataset included problems of various
sizes, ranging from 2x2 to 9x9, with durations of operations ranging from 1 to
199. around 1000 examples in total. We fix the initial user prompt to "Instruct:
Provide a solution schedule for the JSSP problem below, also indicate
the makespan." We observed that performing inference in float8 or float4 data
types resulted in solutions that deviated from the training data format during
generation. Therefore, we opted for float16 format for testing. Given the memory
constraints of a single NVIDIA A6000 GPU with 48GB, we could only test
instances with size NJ ×NM < 100 using float16 data type and sampling. The
inference process itself consumes approximately 43GB of memory on the NVIDIA
A6000 GPU with float16 data type.

6.1 Overview of JSSP Solution Parsing and Validation

Following inference, we employ regular expressions to parse the output string
generated by the LLM. This process extracts job number, operation number,
machine number, start time, duration, end time for each operation, and the
makespan value (if present).

Validating JSSP Solution We then use the extracted information from the
JSSP solution to perform the following checks:

– Operation Validation: Confirms that each operation’s machine and du-
ration in the LLM output match the expected values from the problem
data.

– Machine Conflict Check: Ensures no overlapping operations on the same
machine by sorting operations by start time and checking for overlaps.
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– Job Precedence Check: Verifies that the end time of one operation is before
the start time of the next within the same job, ensuring correct operation
order.

If all checks pass, the solution is deemed feasible.

6.2 Hyperparameter Tuning

We employed specific sampling hyper-parameters during the inference. To deter-
mine these hyper-parameters, we conducted a grid search on a small dataset of
7x8 and 8x8 problems, encompassing 200 instances in total. hyperparameters:

– top_k_values = [10, 20, 50]
– temperature_values = [0.2, 0.5, 0.7, 1.0]
– top_p_values = [0.8, 0.9, 0.95]

We fixed num_return_sequences=10 in all combinations. We found the following
configuration to be the best in providing the lowest makespan:

– sample=True for sampling-based generation.
– num_return_sequences=10 to generate ten sequences.
– temperature=1.0 to control randomness.
– top_k=50 to limit sampling to the top 50 tokens.
– top_p=0.95 to apply nucleus sampling.

The tokenizer is configured with a maximum length of 40,000 tokens, uses
eos_token as the padding token, and pads on the left.

6.3 Comparative Analysis with Other Neural Approaches

Due to the lack of other works utilizing LLMs end-to-end for scheduling, we
compared our results with other neural approaches. We assessed the average gap
between the optimal makespan and the makespan of our fine-tuned Phi3 model
on our dataset.

We compared our results with "Learning to Dispatch for Job Shop Scheduling
via Deep Reinforcement Learning" (L2D) [20], which uses a Graph Neural Network
(GNN) and Proximal Policy Optimization (PPO). L2D’s method employs a size-
agnostic policy network for generalization. The original paper uses greedy first
choice over the policy network’s probability distribution. For fair comparison, we
sampled the policy network’s probability distribution (s=10) and selected the
solution with the minimum makespan. We used the network trained on instances
with NJ = 20 and NM = 20.

Another paper used for comparison is "Self-Labeling the Job Shop Scheduling
Problem" (SLJ) [9], which introduces a novel self-supervised training strategy
for the JSSP. Their method leverages a generative model based on the Pointer
Network, training it by generating multiple solutions (Beta parameter) and using
the best one as a pseudo-label, thus eliminating the need for costly optimal
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solutions. During the comparison, we used three different networks trained with
Beta values of 32, 128, and 256, namely slj_32, slj_128 and slj_256 . During
testing, the method also utilizes sampling, selecting the best solution from several
sampled solutions. We used a sample size of s = 10 for fair comparison.

Fig. 2. Box plot comparison of different models: (1) L2D original with greedy inference
using a 20x20 policy network (L2D Gap original), (2) L2D policy network with sampling
(s=10) (L2D Gap s=10), (3) SLJ models trained with β values of 32, 128, and 256,
and evaluated with sampling (s=10), and (4) Fine-tuned Phi-3 model inference with
sampling (s=10). Left side y-axis indicates the gap in percentages and the average
time in seconds is indicated by the right y-axis.

Figure 2 shows the comparison of different methods based on the gap from
the optimal solution. From the box plot, it is observed that the Phi3 fine-tuned
model shows a relatively low median gap, indicating that it is quite comparable
to the other methods. The L2D (original) method has a higher median gap and
greater variability, suggesting less consistency compared to the fine-tuned Phi3
and other methods. However, the L2D (sample size s = 10) method shows a
significant improvement over the original L2D, with a lower median gap and
reduced variability. The SLJ methods, with Beta values of 32, 128, and 256,
demonstrate consistently low median gaps and reduced variability, indicating
robust performance across different configurations.

Overall, the fine-tuned Phi-3 model is quite comparable to other methods,
given the smaller size of LoRA weights and its capability to perform other
language tasks. When fine-tuned on our dataset, the Phi-3 model outperforms the
original L2D method. Appropriate sampling significantly enhances the model’s
performance, reducing the gap to the optimal solution.
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Table 1. This table provides the descriptive statistics for the gap from the optimal
solution across different methods: Phi3, L2D, and SLJ with various configurations
and with sample size s=10. The metrics include the count, mean, standard deviation,
minimum, 25th percentile, median (50th percentile), 75th percentile, and maximum
values for each method.

Phi3_s=10 l2d l2d_s=10 slj_32_s=10 slj_128_s=10 slj_256_s=10

mean 8.92 13.01 5.98 2.96 2.48 2.68
std 9.77 10.90 6.67 3.73 3.29 4.35
min 0.00 0.00 0.00 0.00 0.00 0.00
25% 0.00 2.78 0.00 0.00 0.00 0.00
50% 6.00 12.22 3.61 1.17 0.26 0.65
75% 16.00 19.88 11.25 5.30 4.48 4.34
max 46.00 60.61 26.91 18.67 17.74 69.49

7 Conclusion

This paper demonstrates the potential of Large Language Models (LLMs) in
addressing the Job Shop Scheduling Problem (JSSP). We introduced a novel
supervised dataset with natural language descriptions for JSSP tailored for LLM
training. Our results on small-scale JSSP problems indicate that with minimal
fine-tuning using the LoRA method[14], Phi-3 can effectively schedule, sometimes
matching or surpassing traditional neural network approaches.

The comparative analysis shows that our fine-tuned Phi-3 model performs
competitively, achieving an average gap of 8.92 compared to 13.01 for the original
L2D method. While the SLJ models (with β values of 32, 128, and 256) achieve
lower gaps, the Phi-3 model still demonstrates comparable performance, especially
considering it is primarily a language model with the ability to handle a wide range
of language tasks. Overall, our findings suggest that LLMs, Phi-3 particularly,
when enhanced with appropriate sampling methods, offer a promising new avenue
for tackling JSSP.

8 Limitations and Future Work

Our investigation of the potential of using LLMs for the JSSP shows promising
results but also highlights several limitations and future research directions.

A key limitation is the computational overhead of fine-tuning LLMs, which
remains resource-intensive. Additionally, due to lack of computational resources
the generalizability of our results across larger JSSP instances is uncertain.
Further research is needed to test LLMs on larger problem sizes. Comparing
the performance of larger LLMs and different fine-tuning methods against the
relatively small Phi-3 model is also necessary.

The interpretability of LLM-generated schedules is another challenge, due to
their black-box nature. Additionally, while we used a sampling method to improve
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performance, exploring different sampling strategies could further enhance LLM-
generated schedules.

Future research should also explore integrating LLMs with other AI techniques,
such as reinforcement learning and graph neural networks, to combine their
strengths.
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