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Abstract

Many critical business and societal decisions in areas such as
supply chain and healthcare involve numerous potential ac-
tions, complex constraints, and goals that can be modeled as
objective functions. Mathematical optimization, a core area
in Operations Research (OR), provides robust, mathemati-
cally grounded methodologies to address such decisions and
has shown tremendous benefits in many applications. How-
ever, its application requires the creation of accurate and ef-
ficient optimization models, necessitating rare expertise and
considerable time, creating a barrier to widespread adoption
in decision-making. Thus, it is a long-standing goal to make
these capabilities widely accessible.

The advent of Large Language Models (LLMs) has made ad-
vanced Artificial Intelligence (AI) capabilities widely acces-
sible through natural language. LLMs can accelerate expert
work in creating formal models like computer programs, and
emerging research indicates they can also speed up the de-
velopment of optimization models by OR experts. We, there-
fore, propose integrating and advancing LLM and optimiza-
tion modeling to empower organizational decision-makers to
model and solve such complex problems without requiring
deep expertise in optimization.

In this work, we present our vision for democratizing op-
timization modeling for organizational decision-making by
such a combination of LLMs and optimization modeling. We
identify a set of fundamental requirements for the vision’s
implementation and describe the state of the art through a lit-
erature survey and some experimentation. We show that a)
LLMs already provide substantial novel capabilities relevant
to realizing this vision, but that b) major research challenges
remain to be addressed. We also propose possible research
directions to overcome these gaps. We would like this work
to serve as a call to action to bring together the LLM and
OR optimization modeling communities to pursue this vision,
thereby enabling much more widespread improved decision-
making and increasing by orders of magnitude the benefits AI
and OR can bring to enterprises and society.

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

1 Introduction
Many critical real-world decision-making problems in ar-
eas like supply chain and healthcare involve numerous pos-
sible actions, complex constraints, and objectives that can
be modeled with a mathematical function. Mathematical
optimization, a core discipline within Operations Research
(OR), is well-suited to solving such problems and has deliv-
ered significant financial and societal benefits in real-world
applications, such as more efficient food delivery by the
United Nations (Peters et al. 2022), millions in savings for e-
commerce sites (Deng et al. 2023), and improved radiother-
apy treatment for cancer patients (Zarepisheh et al. 2022).
However, applying mathematical optimization requires sig-
nificant expertise and time, and most decision-makers lack
the necessary skills or access to experts. Thus, it has long
been an important goal to make optimization widely acces-
sible to decision-makers.

Large Language Models (LLMs), like ChatGPT (Ope-
nAI 2023a), have democratized AI, making advanced ca-
pabilities accessible through natural language and simplify-
ing tasks such as document and code generation. This tech-
nology can enhance the effectiveness and productivity of
knowledge workers, from accelerating programming with
tools like GitHub Copilot (Peng et al. 2023) to enabling
business consultants to deliver higher-quality results more
quickly (Dell’Acqua et al. 2023).

With the new capabilities provided by LLMs, we believe
the time is right to bring together the AI and OR commu-
nities to integrate these technologies towards the goal of
creating a Decision Optimization CoPilot (DOCP): an AI
tool that interacts with decision-makers in natural language,
leveraging the decision-makers’ knowledge and feedback to
generate and solve problem-specific optimization models.

In this article, we outline the DOCP vision and the core re-
quirements for its implementation, describe the current state
of the art, and suggest research directions to address existing
gaps. We conclude with a call to action for the AI and OR
communities to come together to realize this vision, thereby
significantly enhancing the impact of AI and OR on com-
plex, critical decision-making.
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2 Theory and Practice of Optimization
Modeling

Mathematical optimization requires formally modeling a
decision-making problem as:

minimize f(x)
subject to g(x) ≤ 0,

h(x) = 0,
(1)

where x ∈ Rn is the vector of decision variables (repre-
senting the possible decisions), f(·) is the objective function
or goal to optimize, g(·) and h(·) are a set of vector-valued
constraint functions that define the set of feasible solutions.

Once a decision problem is modeled as an optimization
problem, various algorithms can be used to find a solu-
tion, depending on the type of optimization model. Effi-
cient algorithms exist for Linear Optimization (LO), suitable
when all functions in (1) are linear. Nonlinear Optimization
(NLO) extends this to cases where the objective or constraint
functions are nonlinear. Mixed Integer Linear Optimization
(MILO) addresses problems where the objective and con-
straint functions are linear, but some or all decision variables
are constrained to be integers. MILO is often required for
optimization applications in critical domains such as man-
ufacturing and supply chain management. However, most
real-world MILO problems are NP-hard, making it compu-
tationally challenging to find exact solutions for large-scale
instances. Thus, creating the most efficient model is a crucial
skill, as NLO, LO and MILO formulations may exist for the
same decision problem. Additionally, advanced techniques
like decomposition (breaking down complex problems into
simpler subproblems) and cut generation (iteratively adding
constraints to simplify the solution search) have been de-
veloped to handle MILO problems more efficiently (Wolsey
and Nemhauser 1988). These techniques often require prob-
lem specific implementation, requiring significant expertise.

Given the complexity of solving real-world MILO prob-
lems, the use of optimization engines like Gurobi (Gurobi
Optimization, LLC 2024) and CPLEX (IBM 2024) has be-
come common. These engines solve MILO problems using
the latest algorithms and offer numerous parameters that op-
timization experts can set to achieve additional efficiency for
the specific model at hand.

2.1 Optimization Modeling
Using optimization to solve a real-world business problem is
a complex, multi-step process. It requires a skilled optimiza-
tion practitioner to work with the decision-maker, following
the process depicted in Figure 1.

In this process, the optimization practitioner must thor-
oughly understand the problem and the available data to
create a formal optimization model (in the form of Equa-
tion (1)). The practitioner then improves the model, aim-
ing for the most efficient formulation. Advanced techniques
like decomposition, cut generation, and fine-tuning opti-
mization engine parameters often need to be applied by the
optimization practitioner to ensure the problem is solved
efficiently. The final optimization problem and its solu-
tions must then be validated against the real-world decision-
making problem, with discrepancies leading to additional

iterations. Throughout, the optimization modeler and the
decision-maker must continuously interact, with the opti-
mization modeler thinking in terms of mathematical formu-
lations and the decision-maker communicating in terms of
the problem domain. Consequently, this process often re-
quires multiple iterations.

3 Our Vision: a Decision Optimization
CoPilot

We envision a Decision Optimization CoPilot (DOCP):
A friendly AI system incorporating an LLM, accessible to
any business decision-maker who needs to make a decision
that can benefit from optimization. The DOCP will guide
the decision-maker through the decision-making process by
interacting in natural language and, behind the scenes, car-
rying out the steps depicted in Figure 1, ultimately creating
an optimization model that provides effective solutions for
the specific business task.

As a concrete example of such a decision problem, con-
sider Example 3.1 (based on a real-world use case - see
Boutin (2023)).
Example 3.1. A company wants to develop a methodology
to identify optimal locations for its bike rental hubs. A hub
is composed of a parking facility where users (commuters
and tourists) can park their cars, and bicycles are available
for rental. The methodology should optimize the maximum
coverage of the needs of the users in the cities targeted to
maximize the number of users and minimize the number of
kilometers driven in the city.

To apply optimization, the decision-maker would start by
providing the DOCP with a natural language description of
the decision problem, as in the example. Through conver-
sational interaction, the DOCP should first understand the
precise objectives, constraints, and available data. Next, the
DOCP should validate whether optimization is the appropri-
ate approach and determine the type of optimization model
needed (e.g., LO, MILO) based on the problem’s charac-
teristics. If optimization is not suitable, the DOCP should
inform the user and stop. If it is, the DOCP would then cre-
ate the optimization model (possible models for the problem
in Example 3.1 appear in Wasserkrug et al. (2024)1), run the
appropriate algorithm (typically through an optimization en-
gine), and provide actionable recommendations to the user.

The DOCP should be capable of receiving user feedback
at any stage and incorporating it to course-correct or up-
date the models and processes accordingly. Additionally, the
DOCP must communicate in a language that is easily under-
stood by the business decision-maker.

3.1 Core Capabilities Required by a DOCP
Requirement #1 - Translating a Business Level problem
definition to an Optimization Model: A key part of the
optimization modeling process (Figure 1) is developing a
detailed and precise mental model of the decision-making
problem at a sufficient level of detail and precision so that

1This is an older version of the current article that contains more
details about models, experiments, etc.
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Figure 1: Optimization Modeling Process

a formal optimization model can be created. Therefore, The
DOCP must guide the decision-maker through this process,
starting from a high-level business problem definition and
refining it to the detail needed for optimization. Addition-
ally, the DOCP must understand the available data and de-
termine the appropriate type of optimization model.

Requirement #2 - Enabling the Decision Maker to Ver-
ify Optimization Model Correctness: As LLMs can pro-
duce erroneous output, the optimization model generated
by the DOCP could contain errors. While some generated
model errors could manifest as runtime errors, there are of-
ten more subtle semantic errors that would, therefore, be
harder to detect. Such errors could include the generated ob-
jective not corresponding to the real-world decision objec-
tive or a missing or erroneous constraint. Using such erro-
neous formulations could result in the model being infeasi-
ble or generate solutions that, while optimal for the gener-
ated optimization model, are not good solutions for the ac-
tual decision-making problem. As decision-makers who do
not have optimization expertise cannot be expected to val-
idate the optimization model itself, a DOCP must both a)
take whatever steps are possible to reduce the number of er-
rors in the model and b) provide sufficient tools appropriate
for the decision-maker to both indirectly validate the model
and provide feedback in a way that will enable the DOCP to
correct the optimization model.

Requirement #3 - Creating Efficient Optimization
Models: Often, solving an optimization model of a real-
world problem is NP-hard, and, as a result, many correct
optimization models can still not provide useful solutions
within a reasonable time frame. In such cases, advanced
modeling techniques such as finding equivalent, more ef-
ficient models and techniques such as decomposition must
often be introduced. Moreover, when using off-the-shelf en-
gines such as CPLEX (see Section 2) to solve such models,
engine parameters must be tuned in a model-specific man-
ner. A DOCP needs be able to apply such techniques and
engine parameter tuning on behalf of the decision-maker.

4 State-of-the-Art with Regards to DOCP
Requirements

In this section, we describe the state-of-the-art capabilities
relevant to a DOCP, based both on a survey of related work
and experiments with ChatGPT (OpenAI 2023a).

4.1 Related Work
There is An increasing amount of work leveraging LLMs
to generate optimization models so as to make optimiza-
tion more widely accessible. The work of Amarasinghe et al.

(2023) states as a goal the ability to “leverage LLMs to sup-
port non-expert users to carry out business optimizations
without having to consult experts”. Focusing on production
scheduling, this work constructed an open-source dataset
consisting of relatively precise natural language problem de-
scriptions and corresponding model formulations and used it
to fine-tune a code-generating LLM to generate optimization
models. This approach reported good performance as mea-
sured by running the generated models, ensuring that they
run correctly, and then comparing both execution time and
obtained solution to the “ground truth” models. However, it
does not address model validation by non-experts nor explic-
itly how to generate efficient models. Li, Zhang, and Mak-
Hau (2023) proposed a framework for automatic formula-
tion from unstructured text descriptions of MILO problems.
It utilized a constraint classification scheme and constraint
templates to guide the LLMs in creating MILO models from
natural language descriptions. This work relied on OR ex-
perts to evaluate the quality of the generated models.

The NL4Opt NeurIPS competition (Ramamonjison et al.
2022b) garnered significant attention in the realm of extract-
ing linear optimization (LO) models from natural language.
The competition was inspired by the pilot study of Rama-
monjison et al. (2022a), where the authors introduced an
automated formulation method named OptGen, designed to
handle LO problem descriptions with diverse constraints.
OptGen and the NL4Opt competition employ a two-step
mapping strategy: In the first step, all problem entities of
the optimization problem (e.g., objective function, decision
variables, etc.) are detected, and in the second step, the prob-
lem description, together with these labeled problem enti-
ties, is used to generate the final mathematical representa-
tion of the problem. Evaluation is conducted by comparing
the predicted and ground truth models using a predefined
canonical form.

In their survey paper, Fan et al. (2024) assessed LLMs’
performance on textbook problems and real-world scenarios
using the NL4OPT dataset and evaluation metrics. LLMs
demonstrated impressive proficiency in modeling textbook-
level problems; however, in the context of real-world prob-
lems, the generated models exhibited errors such as incor-
rect constraints, extra constraints, and missing constraints.
Nonetheless, pointing out errors and prompting corrections
proved effective, making LLM-generated formulations more
accurate.

More recent works have gone beyond the two-step ap-
proach of NL4Opt to address the modeling of optimiza-
tion problems from natural language by creating LLM based
agentic systems (Li 2024) - systems consisting of multi-
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ple LLMs and additional tools such as optimization en-
gines. Tsouros et al. (2023) proposed a modular framework
for problem modeling via LLMs composed of four sub-
tasks, each implemented using prompting (Khot et al. 2022).
These subtasks include extracting problem entities, estab-
lishing relationships, formalizing the optimization problem,
and translating it into a constraint modeling language, like
CPMpy (Guns et al. 2024). Following the modeling steps,
the code is compiled, executed, and automatically debugged
if necessary. The system can also engage in an interactive
refinement process with the user. OptiMUS (Ahmaditesh-
nizi, Gao, and Udell 2024) is another agentic system that
includes an “Evaluator” a “Programmer” and a “Formula-
tor” as LLM agents, together with calls to an optimization
solver. Xiao et al. (2024) is an agentic system that intro-
duces a “Terminology Interpreter” LLM agent - for incor-
porating domain or problem-specific terminology in areas
such as supply chain, and a “Conductor” - an LLM that co-
ordinates the workflow between the multiple agents in the
system.

To summarize, while a lot of work exists in generating
models from natural language descriptions, there are still
many errors in the models generated by these works. In ad-
dition, all of these works require quite a precise natural lan-
guage description of the problem rather than a high-level de-
scription, such as in Example 3.1, and therefore, are not suit-
able for organizational decision-makers. Zhang et al. (2024)
begins to address the organizational decision-maker through
a framework called OptLLM, which adds the capability to
carry out a natural language dialogue with the user to refine
the optimization problem definition. However, in this work,
the dialogue capability was only demonstrated on a single
example, with the more rigorous testing carried out on pre-
cise natural language descriptions.

In addition to the limitations of existing works in address-
ing the organizational decision makers, only Amarasinghe
et al. (2023) addressed the need to generate efficient models,
and this also in a limited, implicit fashion (by having execu-
tion time as one of the measurement metrics). Finally, none
of the above works address the need of a decision-maker to
verify the correctness of a generated model or the need to
update the model as a result of business user feedback.

4.2 Experimentation Using ChatGPT
We conducted experiments specifically targeting the three
requirements described in Section 3.1. We did this using
prompting with ChatGPT 4 (OpenAI 2023a).

Requirement #1: From Business Level Problem Defini-
tion to Optimization Model In these experiments, we
acted as organizational decision-makers, trying to use Chat-
GPT to generate an accurate optimization model for the
problem in Example 3.1 through natural language conversa-
tion. We provided context to ChatGPT by creating personal-
ized GPTs - customized versions of ChatGPT with tailored
natural language instructions (see OpenAI (2023b)). We
tested two GPTs with slightly different instructions, guid-
ing ChatGPT to converse with the business user to under-
stand the problem, identify the required optimization model,

Figure 2: The context provided to one of the custom GPTs

Figure 3: Optimization models generated by ChatGPT (Re-
quirement #1)

and create both a mathematical formulation and executable
code for solving the model using an optimization engine (the
prompt for one of the GPT’s appear in Figure 2 and the full
conversations appear in Wasserkrug et al. (2024)).

Both conversations started with a brief description of the
problem as appearing in Example 3.1. In each case, Chat-
GPT correctly asked for further clarification and ultimately
generated a mathematical formulation of an optimization
model. Moreover, ChatGPT selected an appropriate model
type for this problem - MILO.

However, in both cases, the optimization problem gen-
erated by ChatGPT (see Figure 3) was incomplete and un-
suitable for the business problem. The model incorrectly as-
signed a demand to a combination of a point of interest and
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a potential hub location (parameter Dp,h) rather than a more
granular demand between a hub, a point of interest, and a
junction (a point of entry of commuters into the city), as re-
quired in this specific problem. This error occurred despite
the user explicitly stating that the available data was the de-
mand from a junction to a point of interest. As an example
of incompleteness, the model lacked constraints indicating
whether a hub should cover a specific demand. Although
ChatGPT asked for clarification to enhance the constraints,
it also requested user feedback on the mathematical formu-
lation despite being informed that it was interacting with a
business decision-maker. (Figure 2). Finally, it did not di-
rectly generate the code but waited for feedback on the math-
ematical formulation.

In summary, the GPTs demonstrated impressive, relevant
capabilities: they interacted with the user to understand the
business problem and generated an optimization formula-
tion. However, they did not sufficiently interact with the user
to fully grasp the problem before creating a model, resulting
in an unsuitable and incomplete formulation. Furthermore,
after generating the mathematical formulation, they asked
for validation of the model’s correctness before proceeding
– an unrealistic request from a business user.

Requirement #2: Verifying Optimization Model Correct-
ness In these experiments, we tested ChatGPT’s ability
to generate correct models for optimization problems when
given precise problem descriptions rather than high-level
ones, such as in Example 3.1 (the full details of the experi-
ments appear in Wasserkrug et al. (2024)). The optimization
problems were optimizing the location of vaccination clin-
ics and optimizing radiotherapy treatment for cancer patients
(a problem similar to the one in (Zarepisheh et al. 2022)).
Given ChatGPT’s non-deterministic outputs, we ran Chat-
GPT five times on each problem. ChatGPT generally per-
formed well, providing correct models four out of five times
for both problems. However, for both problems, in one out
of the five times, it generated an incorrect objective func-
tion (the correct and incorrect objective functions for both
experiments appear in Figure 4). For the vaccination clinic
problem, it missed the crucial term ri which is required to
adjust demand by assigning residents to clinics based on the
area (see Figure 4(a) and 4(b) for the correct and incorrect
objective function, respectively). For the radiotherapy treat-
ment problem, one attempt incorrectly provided a nonlinear
formulation of the problem by incorporating the BED non-
linear function (see Figure 4(d)), despite a linear formula-
tion being explicitly requested. In the other four attempts,
it correctly provided a linear objective function by calculat-
ing and summing the BED values for the input data (Fig-
ure 4(c)). Such relatively subtle mistakes, which are difficult
even for novice optimization modelers to spot, highlight the
need for higher-quality model generation, robust validation
mechanisms for decision-makers, and the ability to incorpo-
rate user feedback to improve model accuracy.

Requirement #3: Creating Efficient Optimization models
In these experiments, our goal was to test whether ChatGPT
can create models that are more efficiently solvable.

We started by assessing ChatGPT’s ability to simplify a

Figure 4: Objective Functions Generated by ChatGPT (Re-
quirement 2)

correct formulation of the bike hub optimization model by
prompting it to restructure the problem into an equivalent
form with fewer variables. In this experiment, ChatGPT suc-
ceeded in only one out of five attempts.

In the four instances where the formulations were in-
correct, ChatGPT exhibited various errors, including intro-
ducing nonlinear constraints or objective functions and in-
corporating constraints that only included parameters with-
out variables (for the full experiment and list of errors, see
Wasserkrug et al. (2024)). Additionally, ChatGPT could not
produce satisfactory reformulations without explicit instruc-
tions to maintain an equivalent form while minimizing vari-
ables. With more open-ended instructions, ChatGPT strug-
gled, often oversimplifying the problem by omitting con-
straints or by incorrectly redefining sets.

In another experiment, we presented ChatGPT with a con-
straint involving absolute values and asked it if this con-
straint could be represented by a more efficient linear con-
straint. For convex ≤ constraints, ChatGPT’s answers were
always correct. However, for concave ≥ constraints, it gave
incorrect answers. Issues also arose in cases involving the
sum of maximum of linear functions, which often appear in
production-inventory problems and which can be reformu-
lated as linear constraints. Although ChatGPT found a linear
reformulation, it neglected introducing binary variables for
the ≥ constraint.

Overall, in a large number of these experiments ChatGPT
failed to formulate efficient optimization models.

4.3 Summary of State of the Art
LLMs and the agentic paradigm provide important capabil-
ities in realizing our DOCP vision. However, most previous
works have focused on generating correct optimization mod-
els from detailed natural language descriptions (Require-
ment #2). Little work has addressed generating models from
business-level problem descriptions or ensuring that models
are efficiently solvable (Requirement #1 and #3). Our ex-
periments also demonstrated significant gaps in these areas.
Even for requirement #2, incorrect models are often gener-
ated, sometimes with subtle, hard to detect, errors. There-
fore, Much work remains to achieve the DOCP vision.

5 Research Directions for Creating a DOCP
In creating a DOCP, LLM adaptation can play an important
role. With the various methods available for task-specific
adaptation, such as prompting (Brown et al. 2020; Sanh et al.
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2021; Khot et al. 2022), supervised fine-tuning (Dai and Le
2015; Dodge et al. 2020; Wei et al. 2022a), and reinforce-
ment learning with human feedback (RLHF) (Ziegler et al.
2019; Stiennon et al. 2020; Ouyang et al. 2022), an impor-
tant research direction is determining how best to combine
these techniques. For example: Should LLMs be fine-tuned
with decision optimization knowledge? What can prompt-
ing techniques like Chain of Thought (Wei et al. 2022b),
found effective in reasoning tasks, achieve? Which prompt-
ing techniques are best for each requirement? How can
LLMs be adapted to generate correct and efficient optimiza-
tion models, reduce variables, reformulate nonlinear models
into linear ones, and incorporate problem-specific decompo-
sition or cut generation?

A promising approach to augment an individual LLM’s
capability is through the agentic systems paradigm. There-
fore, a key research direction is constructing an appropriate
agentic system to implement a DOCP. Questions to address
include which parts of such an agentic system should be
driven by the LLM and which should be managed by exter-
nal workflows like Graph of Thoughts (Besta et al. 2023) (a
more structured reasoning flow that can be implemented, for
example, through code). For instance, could leveraging ex-
isting methodological frameworks, like CRISP-DM (CRoss
Industry Process for Data Mining (Wirth and Hipp 2000)),
which guide analytics practitioner through the process de-
scribed in Figure 1), inform a successful graph-of-thought
DOCP implementation?

Regarding Requirement #2, since there is always a risk of
generating an incorrect model, tools are needed to help busi-
ness users validate solutions provided by a DOCP. Even to-
day, business users often struggle to validate and understand
solutions from expert-created optimization models, relying
on tools like what-if analysis (which allows business users to
modify a solution or propose an alternative one to see which
constraints are violated and how the objective function value
is affected). LLM capabilities could enhance these tech-
niques (see, for example, Li et al. (2023)), enabling users
to have natural language conversations for what-if anaylsis,
better model understanding, and validation.

Another important research direction for Requirement #2
is how to update a generated model and the DOCP’s capa-
bilities based on user feedback. For instance, when carrying
out what-if analysis, a user might discover that the wrong
objective has been calculated or a business constraint was
incorrectly flagged as violated. Users might also be able to
provide solutions that satisfy the business constraints along
with their objective function value. It is important to under-
stand both how to correct a specific generated model and
continuously improve the DOCP based on such feedback.

Regarding requirement #3, the parameter settings in an
optimization engine, like which heuristics to use, can sig-
nificantly impact performance. A substantial body of re-
search, known as Learning to Optimize (Chen et al. 2022;
Chi et al. 2022; Gupta et al. 2022; Khalil, Morris, and Lodi
2022) uses machine learning to find effective heuristic set-
tings for a specific problem, reducing solution times. Cur-
rently, optimization experts tailor these techniques to spe-
cific problem instances. An interesting research direction

would be to explore whether LLMs could be adapted to se-
lect and customize these techniques in a problem-specific
way. Additionally, could the vast online knowledge of op-
timization theory and practice, including problem modeling
and best practices (see, e.g., Williams (2013)), be leveraged
to fine-tune LLMs to apply techniques such as decomposi-
tion and cut generation, formulating more efficient optimiza-
tion models, and setting engines’ parameters?

5.1 Datasets and Benchmarks
Research toward a DOCP will require appropriate datasets
and well-defined quality metrics. These datasets should in-
clude a set of optimization problems, each with a business-
level description and a correct, efficient ‘ground truth’ op-
timization model. Journals (e.g., IJAA (2024)) and books
(Williams 2013) that describe real-world case studies and
their models could serve as a source for such datasets. Ex-
isting datasets from works that combine LLMs and opti-
mization, like Amarasinghe et al. (2023), could also be ex-
tended. Beyond natural language descriptions and ‘ground
truth’ models, since the DOCP must converse with the busi-
ness user to understand the problem and create a model, a
component that simulates the business user’s side of the con-
versation is needed. An interesting research direction would
be exploring whether an LLM independent of the DOCP
could emulate the business user, enabling DOCP develop-
ment and testing.

Regarding evaluation, many existing works (see Section
4.1) measure the syntactical accuracy of the generated mod-
els against a ‘ground truth’ model. However, the goal of a
DOCP is to generate high-quality solutions to the decision
problem, and two syntactically different models could yield
constraint-satisfying optimal solutions. Therefore, while the
precise definition of these metrics and their computation is
another important avenue for future work, we believe they
should focus on whether the DOCP solutions satisfy the
ground truth model’s constraints, their quality in terms of
objective value, and their execution time (potentially build-
ing on and extending metrics defined by Amarasinghe et al.
(2023)).

6 Summary and Call to Action
In this work, we present our vision to combine LLMs
and optimization modeling to democratize the use of opti-
mization for decision-making, enabling any organizational
decision-maker to make better decisions in complex settings.
We outlined three core requirements and discussed the cur-
rent state of the art, showing that the capabilities of LLMs
and the agentic system paradigm have brought us closer than
ever before to making optimization widely accessible. We
have also demonstrated that significant gaps remain and pro-
posed directions to start addressing these gaps. We would
therefore like to conclude with a call to action to the AI and
OR communities to come together to advance the research
and practice at the intersection of LLMs and optimization to
realize this vision, thereby resulting both in theoretical ad-
vancements in the fields of LLMs, agentic systems, OR, and
their intersection and increasing by orders of magnitude the
benefit that AI and OR can bring to enterprises and society.
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Ethics Statement
In any optimization solution, there are dangers if the rec-
ommendations are followed blindly and poorly understood
by the decision-maker whose responsibility is to make
the decision. Introducing a DOCP does not and should not
lessen the decision-maker’s responsibility. When collaborat-
ing with an optimization modeler, there’s the added benefit
of a knowledgeable professional who can provide insights.
This expert not only grasps the intricacies of the model but
can also elucidate the underlying assumptions and its po-
tential limitations for the business decision-maker. There-
fore, moving to using a DOCP underscores the need for, and
importance of, capabilities that allow the business decision-
maker to understand the proposed solution and its limita-
tions deeply. In high-stakes cases, the business decision-
maker should still consult with an optimization modeler to
review the optimization model created by the DOCP. Our
proposed approach, which is to have the LLM generate an
optimization model rather than directly produce a solution
is, therefore, also beneficial from this perspective as it en-
ables an optimization modeler to review and understand the
assumptions and limitations of a mathematical optimization
model. Such model generation allows for a more transparent
and reviewable decision-making process, ensuring that the
decision-maker is fully informed of all aspects of the solu-
tion.

In addition, in very high-risk cases, it may be better for the
business decision-maker to forgo the direct use of a DOCP
and instead engage with an optimization modeler, who may
then leverage the DOCP to accelerate the creation of the op-
timization solution, ensuring a more informed and cautious
approach to decision-making.
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