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Introduction 

In artificial intelligence, there is a growing need to process texts given in natural language. The use of artificial 

neural networks, especially the transformer (Vasvani 2017) as the main method of modeling caused explosive 

growth of language processing methods. Able to be executed in parallel on graphical processing units the 

transformer networks quickly grew in popularity and, eventually, lead to the creation of what are now known as 

Large Language Models (LLMs) which are neural networks with learnable parameters ranging in the billions 

(Zhao 2024). LLMs have quickly become popular due to their unprecedented ability to solve various language 

processing tasks. New tools such as ChatGPT (Gill and Kaur 2023) quickly took place as personal assistants 

capable of aiding with virtually every issue the user could face. After the ChatGPT, which was based on the 

GPT-3 model with over 175 billion of parameters (Brown 2020) more models (Rae 2021, Smith 2022, 
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Chowdhery 2022, Touvron 2023a, Touvron 2023b, Abhimanyu, 2024) followed back to back with tools such as 

Microsoft Copilot, Google Gemini, Perplexity and Claude (Evolvagency 2026). 

One of the subjects of text processing which is of particular interest is the ability of Large Language Models to 

handle optimization problems. Given in natural language, optimization problems require expert’s knowledge to 

formulate in a strict, mathematical way. This formulation can then be used to solve the problem using various 

available tools such as general-purpose solvers or dedicated algorithms. It is crucial however to correctly 

process the text containing the description of the problem and this time- and effort-consuming task is often 

underappreciated. To ease the burden of manually formulating problem descriptions it is imperative to provide 

tools of automation. There are precedents for this type of work, as of 2023 a major nl4opt tournament 

(Ramamonjison 2023) compared various approaches in a competitive environment. Since then several authors 

(Tsouros 2023, Zhang 2024) have tackled the problem with varying results. Research on formulating 

optimization problems with the use of open-source models (Mostajabdaveh 2025) is also underway. The relative 

simplicity of optimization problems tested in the literature – typically as basic as the knapsack problem – does 

not give a full view of the modeling challenges that an expert faces when formulating real problems. Our goal is 

to partially plug this methodological gap by evaluating the capabilities of Large Language Models when 

processing a more complex problem which is the Scheduling-Location (or ScheLoc) problem (Hennes 2002). 

ScheLoc problem 

There are many formulations of the ScheLoc problem (Hennes 2002, Filcek 2021, Zhang 2022). We provide one 

of them as the basis for our considerations. We have a set of tasks J = {1, 2, ..., J} and a set of known locations I 

= {1, 2, ..., I}. Each task j is characterized by ready time pj and transportation speed vj. Tasks have to be 

performed by a single machine i each and the execution time is known sij. We have a vector of binary variables y 

= [y1, y2, ..., yI] where each variable yi takes the value of 1 when the machine i is activated (and 0 if otherwise). 

Then we have binary variables xijk representing the schedule, where each takes the value of 1 when the task j is 

executed on machine i in position k. 

Each task has a release date that is calculated by taking the ready time and the transportation time. This is given 

as follows 

where dij is a known distance between task’s location and the machine location. Let Cik(x,y) be the time the task 

in position k ends on machine i, then the constraints are as follows 



and the quality criterion is the makespan 

Means and Methods 

With the use of expert’s knowledge we have formulated five scenarios of the ScheLoc problem. The scenarios 

are given as textual descriptions covering five realistic cases. Those are as follows. 

• Scenario 1: Mobile Diagnostic Units (Healthcare) 

• Scenario 2: Cold Storage Containers (Events/Retail) 

• Scenario 3: Firefighting Drone Swarms (Emergency) 

• Scenario 4: Field Service Technicians (IoT Infrastructure) 

• Scenario 5: Humanitarian Food Relief (Disaster Response) 

Those descriptions provide the necessary information to categorize the problem as ScheLoc, they contain 

descriptions of the variables, descriptions of the constraints and some numerical data. An example is given in 

Figure 1. 

Look, we’re having a real tough time with these screening tours. We’ve got three mobile 

mammography units roaming the county, but I feel like we’re constantly missing our patients. People 

show up in waves — one day we’ve got a massive crowd outside a church in some small village on a 

Monday morning, and then two days later, nobody shows up because everyone’s headed to the market 

in the bigger town. We need to figure out the math here so these buses actually park where the crowds 

are forming, not just where we guess they’ll be. We know where the buses can stop, we just need to 

pick the right stopping points. Then we get to decide who gets screened at which bus. More people 

means longer duration but we know the approximate numbers for each group so we know how long it 

takes for each group and each bus. Groups take between 10 to 20 minutes to form, then it's a matter of 

walking down to the bus. They move, let's say 4 kilometers per hour on average. The distances 

between groups and buses are known so that's our timeline right there. Of course the groups cannot be 



screened at the same time and we need to do it fast, so the doctors can go home quickly. Let's make 

sure the last group leaves as early as possible. 

Figure 1. The Mobile Diagnostics Units ScheLoc formulation. 

We feed the textual descriptions to a LLM while asking a questions to provide various data about the 

formulation. In the first query we ask about the type of the problem, the variables, the parameters, the 

constraints and the criteria. We finalize the question by asking to provide a mathematical description (in Latex) 

of the problem. The second query assumes that the problem is ScheLoc, provides this information to the LLM 

and asks the remaining questions as in the first query. The queries are provided in Figure 2 and 3. 

You are given an optimization problem. Determine what type of problem it is (give it a name). 

Determine the variables and their domains (discrete versus continuous). Determine the known 

parameters and their values (if given). Determine the constraints. Determine the criteria. Provide the 

problem formulation in a mathematical, formal way. Give the formulation in Latex code. The 

problem is as follows. 

Figure 2. Query 1. 

You are given Scheduling and Location (ScheLoc) problem. Determine the variables and their 

domains (discrete versus continuous). Determine the known parameters and their values (if given). 

Determine the constraints. Determine the criteria. Provide the problem formulation in a mathematical, 

formal way. Give the formulation in Latex code. The problem is as follows. 

Figure 2. Query 2. 

 

We obtain the results and verify them with the use of an expert. 

Results 

The first fact noticed about the results is that neither LLM recognized the problem as ScheLoc. Most of the time, 

the problem was recognized as facility location and scheduling problem, which is not too far off. 

In one case the LLM (ChatGPT) did not formalize all the constraints and instead provided only a textual 

description. This is in contradiction to the queries which demanded that problems be formulated in a 

mathematical, formal way. In some cases the LLM did not recognize that an ordering variable was needed 

leading to incorrect constraints. The encouraging fact is that the LLMs recognized the criterion perfectly. 

We can spot a difference between the capabilities of ChatGPT and Gemini. The first LLM provided better 

results for cases when the ScheLoc problem was not given explicitly it had however made mistakes on the 

second query. Gemini was better for the case when ScheLoc was determined, however it failed on many cases 

when it was the opposite. Furthermore, in two Gemini cases we had to manually correct the latex structure. 

We provide concise results in the following Table 1. 

Table 1. Miss and hit results for the ChatGPT and Gemini LLMs 

 Query 1 

ChatGPT 

Query 1 

Gemini 

Query 2 

ChatGPT 

Query 2 

Gemini 

Correct variable descriptions 1, 0, 1, 1, 0 0, 1, 1, 1, 1 1, 1, 1, 1, 1 1, 1, 1, 1, 1 

Correct variable domains 1, 1, 1, 1, 1 1, 1, 1, 1, 1 1, 1, 1, 1, 1 1, 1, 1, 1, 1 

Correct variables 0, 1, 1, 1, 1 0, 0, 0, 1, 1 1, 0, 1, 1, 1 1, 1, 1, 1, 1 

Correct parameters 1, 1, 1, 1, 1 0, 1, 0, 1, 1 1, 0, 1, 1, 1 1, 1, 1, 1, 1 

Correct constraints 0, 1, 1, 1, 1 0, 0, 0, 1, 0 1, 0, 1, 1, 1 1, 1, 1, 1, 1 

Correct criterion 1, 1, 1, 1, 1 1, 1, 1, 1, 1 1, 1, 1, 1, 1 1, 1, 1, 1, 1 

 



Conclusions 

The results of this study confirm that utilizing Large Language Models (LLMs) to bridge the gap between 

natural language and formal optimization is not just a theoretical exercise but a feasible solution for complex 

problems like ScheLoc. While the models did not independently recognize the specific “ScheLoc” nomenclature 

, they successfully identified the core facility location and scheduling components, demonstrating a functional 

understanding of the problem's underlying architecture. The perfect accuracy in identifying optimization criteria 

across all five realistic scenarios—ranging from mobile healthcare units to firefighting drone swarms—further 

underscores the technical feasibility of this automated approach. Even with minor manual corrections required 

for LaTeX syntax or complex ordering constraints, the heavy lifting of data extraction and initial formulation 

was handled effectively by the AI. 

The advantages of this application are manifold, primarily in reducing the time-consuming and often 

underappreciated burden of manual problem formulation. By moving beyond simple “knapsack” problems to 

address multifaceted, real-world logistics, LLMs allow human experts to transition from the role of primary 

modeler to that of a high-level verifier. This shift significantly streamlines the workflow, enabling faster 

deployment of optimization solutions in critical fields such as disaster response and IoT infrastructure. 

Ultimately, as LLM capabilities in tools like ChatGPT and Gemini continue to sharpen, the potential to 

democratize expert-level mathematical formulation through simple natural language becomes a tangible reality 

for industries that lack specialized operations research staff. 
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