
Evaluating LLM Reasoning in the Operations Research Domain with ORQA
Mahdi Mostajabdaveh 1, Timothy Tin Long Yu 1, Samarendra Chandan Bindu Dash 1,2,

Rindranirina Ramamonjison 1, Jabo Serge Byusa 1, Giuseppe Carenini 3, Zirui Zhou 1, Yong
Zhang 1,

1Huawei Technologies Canada, 4321 Still Creek Dr, Burnaby, BC, V5C 6S7, Canada
2 University of Toronto, 40 George St, Toronto, ON, M5S 2E4, Canada

3University of British Columbia, 2366 Main Mall, Vancouver, BC, V6T 1Z4, Canada
{mahdi.mostajabdaveh1, timothy.yu, rindranirina.ramamonjison, jabo.byusa, zirui.zhou, yong.zhang3}@huawei.com,

carenini@cs.ubc.ca, dashsam1@cs.toronto.edu.

Abstract
In this paper, we introduce and apply Operations Research
Question Answering (ORQA), a new benchmark, to as-
sess the generalization capabilities of Large Language Mod-
els (LLMs) in the specialized technical domain of Opera-
tions Research (OR). This benchmark is designed to evalu-
ate whether LLMs can emulate the knowledge and reason-
ing skills of OR experts when given diverse and complex
optimization problems. The dataset, crafted by OR experts,
presents real-world optimization problems that require multi-
step reasoning to build their mathematical models. Our eval-
uations of various open-source LLMs, such as LLaMA 3.1,
DeepSeek, and Mixtral reveal their modest performance, in-
dicating a gap in their aptitude to generalize to specialized
technical domains. This work contributes to the ongoing dis-
course on LLMs’ generalization capabilities, providing in-
sights for future research in this area. The dataset and eval-
uation code are publicly available.

Code and Dataset — https://developer.huaweicloud.com/
develop/aigallery/notebook/detail?id=6b98c56e-913b-
47ef-8d9f-3266c8aec06a

Introduction
The ability of Large Language Models (LLMs) to follow hu-
man instructions and perform diverse tasks has made them
an exciting area of investigation. Moreover, the considerable
interest in adopting LLMs across various complex technical
domains (e.g., medicine (Gao et al. 2023; Zhou et al. 2023))
highlights their potential for significant societal impact. A
particularly compelling driver for this adoption is the po-
tential of LLMs to automate many tasks, reducing human
intervention and improving productivity. However, as LLMs
are becoming integrated into the workflow of various indus-
tries, it is important to thoroughly understand their capabili-
ties and limitations (Khatun and Brown 2024a; Baktash and
Dawodi 2023; Truong et al. 2023). Of particular interest is
their ability to reason and perform new challenging tasks
across different domains, which are reported critical limita-
tions of LLMs (Arkoudas 2023; Shen and Kejriwal 2023).
Our work addresses this need by introducing a new bench-
mark dataset and applying it to assess these limitations.

Copyright © 2025, Association for the Advancement of Artificial
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To evaluate an LLM’s ability to generalize to a new do-
main, we focus on the field of Operations Research (OR).
The choice of this domain is deliberate and significant.
First, OR is important for making decisions in various in-
dustries (Petropoulos et al. 2024). Second, there are many
types of optimization problems applied to real-world ap-
plications ranging from production scheduling (Mostajab-
daveh, Salman, and Tahmasbi 2022) to creating efficient
delivery routes for trucks (Vidal, Laporte, and Matl 2020).
Third, optimization modeling presents a unique challenge
due to the expert-level knowledge and reasoning skills it
requires (Hillier and Lieberman 2015), adding a layer of
complexity to the automation of this task. Some recent
studies also report modest performances of SOTA LLMs
such as GPT-4 and Llama2 for optimization model build-
ing tasks (AhmadiTeshnizi, Gao, and Udell 2024; Mostajab-
daveh et al. 2024b). Finally, OR is a niche field with limited
publicly available text corpora or optimization model code
(Xiao et al. 2023; AhmadiTeshnizi, Gao, and Udell 2024),
making it an ideal testbed to assess the generalizability of
LLMs, reducing the risk of data contamination.

To assess an LLM’s knowledge and reasoning skills
on unseen, diverse, and complex optimization prob-
lems, we propose ORQA (Operations Research Question
Answering), a new multi-choice Question Answering (QA)
benchmark dataset, crafted and verified by OR experts. Each
dataset instance (Figure 1; left) presents a natural language
description of an optimization problem along with a ques-
tion that requires multi-step reasoning (Figure 1; right) to
answer correctly.

Our study is significant for several reasons. First, it con-
tributes to the ongoing dialogue on the generalizability of
LLMs. Although many benchmarks claim that LLMs can
replicate expert-level knowledge across various technical
domains, the actual extent of these models’ generaliza-
tion capabilities remains an open question (Alzahrani et al.
2024). Our benchmark offers a new perspective by focus-
ing on a specialized technical domain that lacks a large-
scale, high-quality dataset. To the best of our knowledge,
this is the first multi-choice QA dataset in the field of Op-
erations Research. Second, this study has implications for
understanding the potential and limitations of LLMs in au-
tomating tasks in niche technical fields like OR, where ex-
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Figure 1: Left: Dataset instance containing the description, question, options, and answer (bold). Right: Example reasoning
steps needed to answer the simple question.

pert knowledge and complex multi-step reasoning are cru-
cial. Optimization modeling requires access to specialized
OR experts, which is often impractical for most potential
users due to the associated costs.

We choose to focus on translating textual problem de-
scriptions into mathematical optimization models rather
than directly solving optimization problems. Even special-
ized AI models struggle with scalability and generaliza-
tion when solving simple OR problems (Joshi et al. 2022).
We also highlight the challenges of constructing a technical
dataset like ORQA. Samples of optimization problems are
inherently complex and require significant time and effort to
create and verify. Moreover, ensuring correctness demands
annotators with graduate-level education or extensive expe-
rience in OR modeling, making the process expensive, time-
consuming, and labor-intensive.

Related Work
LLMs applied to operations research: Within the field
of OR, LLMs are being investigated for their ability to for-
mulate optimization models (Fan et al. 2024). Ramamonji-
son et al. (2022a) proposed using generative models to au-
tomate the formulation of OR problems from natural lan-
guage. Building on this, Ramamonjison et al. (2022b) in-
troduced methods for recognizing entities and parsing opti-
mization formulations from text. However, these works pri-
marily utilize a toy dataset of elementary linear program-
ming word problems. More recently, AhmadiTeshnizi, Gao,
and Udell (2024) proposed the NLP4LP dataset, which in-
cludes 332 instances with structured natural language de-
scriptions (SNOP), parameter data values, optimal value,
and optimal solution. However, the majority of the prob-
lems are still toys, their description is technical, with math-
ematical notation, and lacks context from real applications.
Xiao et al. (2023) introduced the ComplexOR dataset with
only 37 optimization problems. This dataset includes NL
descriptions, optimization models, and several input data.
While their problem descriptions are context-aware, they
often mention the related optimization problem by name

(e.g., lot-sizing problem with setup), and only cover a nar-
row range of application domains. With more than 1.5k in-
stances, our dataset is the largest, offering significant value
through its depth, rigor, realism, and diversity.

Another disadvantage of existing mentioned datasets is
they require the optimization model to be solved for their
evaluation. LLMs must generate a model code from the NL
description, which is then fed to a solver with data to ob-
tain the optimal value or solution. The evaluation focuses
solely on the correctness of the optimal value or solution,
presenting two key limitations: (1) it is an end-to-end eval-
uation that cannot differentiate between minor notation er-
rors and entirely incorrect structures; (2) it cannot distin-
guish between errors in code generation and errors in model
formulation. (AhmadiTeshnizi, Gao, and Udell 2024) show
that coding errors account between 21% to 31%. In contrast,
ORQA tackles more complex optimization tasks across di-
verse application scenarios. Our problem descriptions are
context-aware, relevant to real applications, and free of OR
jargon and mathematical notations. Additionally, ORQA is
multiple-choice question answering dataset offers a straight-
forward evaluation that is independent of model code and
does not require solvers.

Multi-choice question answering: The multi-choice QA
task involves receiving a question along with several can-
didate options and selecting the correct answer. Many such
datasets have been made publicly available (Talmor et al.
2019; Mihaylov et al. 2018; Clark et al. 2020). However,
the complexity of current reasoning benchmarks has been
called into question (Khatun and Brown 2024b; Valmeekam
et al. 2023; Sawada et al. 2023), motivating the creation of
more challenging benchmarks that surpass basic common-
sense reasoning (Kweon et al. 2024; Sawada et al. 2023).
While multi-choice QA is a well-studied NLP task, ORQA
stands out as a handcrafted, expert-curated dataset in the
technical field of OR. This domain is notably underrepre-
sented in current benchmarks and demands deep optimiza-
tion knowledge. Moreover, tasks in ORQA require identify-
ing optimization model components and their interrelation-
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ships, which necessitates multi-step reasoning.

LLM reasoning capabilities and limitations: Zhou et al.
(2024) demonstrated that LLMs can be prompted to rea-
son, leading to improved performance and insights into how
decisions are made. Techniques for this purpose include
multi-step chained prompts (Yoran et al. 2023; Kojima et al.
2022), single-step chain-of-thought (Kojima et al. 2022),
tree-of-thought (Yao et al. 2024), and chain-of-thought with
self-consistency and verification (Zhao et al. 2023). While
these methods are promising, limitations persist in leverag-
ing and evaluating LLMs’ reasoning capabilities. Evaluat-
ing the faithfulness of reasoning, as highlighted by Lanham
et al. (2023), is a significant challenge. Most existing reason-
ing benchmarks are overly simplistic, indicating a need for
more complex benchmarks (Valmeekam et al. 2022; Laban
et al. 2023). Given this need, our ORQA benchmark dataset
is designed to test the reasoning abilities of LLMs in the de-
manding OR context.

Task: Identifying Optimization Model
Characteristics

Task background and motivation
An optimization model is a mathematical representation of
a decision-making problem. Optimization models are con-
structed using various components. These components in-
clude elements, decision activities, data attributes, calcula-
tions, objective criteria, and specifications (Sánchez et al.
2021). The first and most crucial step in formulating an op-
timization model is to identify the components of the model
and understand their relationships, as any error in this step
will result in an incorrect model. ORQA focuses on identi-
fying these components and their relations from the natural
language description of the optimization problem by ask-
ing questions such as “What are the decision activities of
the optimization problem?” and “Which data parameters are
participating in the objective criterion?”.

To illustrate these components and their relationships, we
refer to the parking spot assignment example problem de-
scribed in Figure 2. The figure demonstrates how the ex-
traction of optimization problem components and their re-
lationships can be directly used to formulate the optimiza-
tion problem mathematically. Unique apartment units and
parking spots are the elements of this example problem
and their data attributes directly map to sets (i.e., apart-
ment groups, parking spots) and data parameters (i.e., park-
ing need, number of vehicles, etc.). The decision activities
are direct actions in the system and define the optimiza-
tion variables (i.e., assign vehicles to parking spots). These
three model components are combined to form the utility/-
cost function to be maximized/minimized (i.e., minimize to-
tal distance). They also form the specifications that define
business rules or system limitations, which lead to optimiza-
tion constraints.

Task definition
We propose a multi-choice QA task to identify the com-
ponents of the optimization problem, their attributes, and

relationships, from a given natural language problem de-
scription. This is a highly complex task requiring multi-step
reasoning as these components have multiple layers of in-
teraction and dependencies (Hillier and Lieberman 2015).
For example, identifying the objective criteria involves not
only recognizing the objective measure and sense, but also
determining the specific data attributes and decision activ-
ities that influence it. Figure 7 in Appendix of Mostajab-
daveh et al. (2024a) illustrates these complex relationships
between problem components.

Task characteristics
The task we propose is complex not only due to the heavily
mathematical nature of the field of OR, but also the com-
plexity of the optimization models the dataset is built upon.
The complexity is directly related to the number of com-
ponents in the corresponding mathematical model. We de-
scribe in Section 4.2 our approach to ensure a standard level
of complexity during our dataset creation process.

Additionally, the task is difficult due to the under-
representation of open-sourced OR data during LLM train-
ing. The findings from Kandpal et al. (2023) and Mallen
et al. (2023) align with our claim that scarcity in optimiza-
tion modeling-related data would make this task challenging
for LLMs. In this regard, we consider optimization modeling
as a task that requires long-tail knowledge.

ORQA Dataset
Dataset overview
Each dataset instance contains the following (see Figure 1,
left):

1. A CONTEXT describing an optimization problem as a
case study using natural language,

2. A QUESTION asking about the problem specifications
(e.g., objective criterion or constraints), the underlying
components of the model (e.g., the elements participating
in the optimization), or the structure and logic of the op-
timization model (e.g., the logical relation between two
components),

3. A list of OPTIONS for the answer, which was created by
OR experts to make the question challenging. The LLM
must select the correct answer from a list of four options.

4. The correct TARGET ANSWER.

Table 1 presents the characteristics of the dataset. A wide
range of application domains are represented within ORQA
ranging from common problems (e.g., Traveling Salesman
Problem) to niche problems (e.g., multi-period production
planning of a drone manufacturing company). ORQA is
comprised of a total of 20 application domains each repre-
sented by at least three problems and 60 to 90 multi-choice
questions. Some of these domains include healthcare, ur-
ban design, human resources, petroleum, and sales. ORQA
is comprised of 1513 data instances with 45 instances allo-
cated as the validation set. The validation set provides the in-
context learning (ICL) examples used for few-shot prompt-
ing. We include expert-written reasoning steps for the in-
stances in the validation set.
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Figure 2: An example of optimization problem components, their relationships, and corresponding mathematical formulations.

Characteristics ORQA
Number of instances 1513
Test/validation split 1468/45
Average input length (words) 231
Number of domains 20

Table 1: ORQA dataset statistics.

Question type. The questions in this QA task can be split
into 11 question types that have been derived from three
critical skills of optimization modeling. Specifically, (A) un-
derstanding the high-level problem specifications, (B) iden-
tifying entities of the corresponding optimization model,
and (C) identifying relationships between components. For
examples and additional details of the 11 question types,
please refer to Table 8 in Appendix of Mostajabdaveh et al.
(2024a).

Dataset creation
The dataset was carefully created and verified by a team of
five experts with extensive experience in optimization mod-
eling: a Bachelor’s graduate, two Master’s graduates, and
two PhDs. An example of a data instance is shown in Fig-
ure 1. The experts went through a joint training session that
provided them with step-by-step instructions created by the
lead OR expert for the dataset creation process. In the train-
ing session, all experts annotated the same three data in-
stances to ensure that they were aligned. Then, each OR
expert was assigned a subset of problems to create inde-
pendently. The OR experts used available optimization mod-
els from OR textbooks, academic journals, and online code
repositories as the initial source and they substantially mod-
ified and diversified them in a multi-step, human-led dataset
creation process. Due to the labor-intensive process of cre-
ating this dataset, we did not have OR experts overlap in
creating the same data instances. Instead, we prioritized de-
veloping a larger benchmark and relied on our training ses-
sion and a rigorous verification stage (as described below)
to ensure consistency in difficulty and quality.

The selection, creation, and verification process was com-
prised of three steps and is detailed in Figure 3. In step 1,
problems were filtered based on a set of criteria, which was

defined prior to the selection process. The criteria for selec-
tion include the problem complexities, diversity in the result-
ing models types, and practicality for real-world use cases.
To regulate the complexity of the dataset, OR experts were
instructed to select problems where the number of compo-
nents in their mathematical model is within pre-defined lim-
its (e.g., the number of decision variables should be between
2 and 7). As a result, the average and standard deviation of
the model components are as follows: sets 1.97/0.89, pa-
rameters 4.08/2.19, variables 3.14/2.29, objectives 1/0.0,
and constraints 4.60/3.21.

To regulate problem diversity, each OR expert was given
a set of application domains and instructed to select at least
three problems from each domain. Given that most opti-
mization models lack concrete natural language descrip-
tions, our OR experts crafted handwritten problem descrip-
tions and, where applicable, modified the problem context to
ensure coverage across diverse application domains. Once
the OR expert was satisfied with the problem description,
they would verify that the natural language description ex-
actly mapped to the original mathematical model.

In step 2 (Figure 3), two OR experts were responsible
for creating and annotating the question, target options, and
target answer of each instance of data. Questions were de-
signed to promote multi-step reasoning and they were cre-
ated along with the options and target answer by referencing
both the mathematical model and problem description. For
cases where multiple modeling approaches are possible, OR
experts ensured that incorrect options were truly incorrect
considering all different models.

Finally, in step 3 (Figure 3), each instance was verified
by another cohort of two OR experts. These experts verified
that each data instance was complete and correct, devoid of
ambiguities in its question and options, required multi-step
reasoning, and free of sensitive information (e.g., real-world
people and organizations names).

Experiment Setup for Evaluation
To provide an initial assessment of the difficulty of ORQA
and gain insights, we ran a series of experiments to bench-
mark different LLM models using various prompting strate-
gies.
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Step 1: Selecting & Creating Optimization Problems Descriptions

-OR textbooks
-Academic 
journals
-Online code 
repositories

OR experts 
carefully 
selected 

optimization 
problems

Created 
Problems 

Description
Step 2: Creating of Q and A sets

OR experts reference question types, create options, and 
select target answers for each combination of 

optimization problem and corresponding question types

Dataset

Contains :
- Context
- Question
- Options
- Target answer

Step 3: Verifying the dataset

First OR expert checks:
- Completeness
- Ambiguity in the 

question and options

Second OR expert checks:
- Existence of multi-step 

reasoning
- Correctness of the answer

OR experts write a 
domain specific 

problem description, 
focusing on diverse 

application domains.

Figure 3: Selection, creation, and verification process for the
ORQA dataset.

Baseline models. Specifically, we run inference on open-
source LLMs such as the 11B parameter FLAN-T5 XXL
(Chung et al. 2024), Falcon-7B-Instruct (Almazrouei et al.
2023), Mistral model series (Jiang et al., 2023), Mixtral se-
ries (Jiang et al. 2024), as well as Llama2, 3 and 3.1 models
of different sizes (Touvron et al. 2023; Dubey et al. 2024).
We made a deliberate decision not to use closed-source
LLMs in the spirit of scientific reproducibility. Prompting an
LLM through APIs has unquantifiable uncertainties in how
inputs and outputs are processed. Moreover, the LLMs may
change or be deprecated, potentially invalidating our results.
Model endpoints are commonly deprecated as newer models
are made available 1.

We evaluated each model on the 1468 instances of data
from the test set for its standard and CoT prompting capabil-
ities in both zero-shot and few-shot settings, as described in
Section 3. Table 2 outlines the accuracy performance of the
LLMs evaluated using this benchmark. Furthermore, we re-
port the average F1 scores in Table 6 in Appendix of Mosta-
jabdaveh et al. (2024a). As a preliminary human baseline, a
single expert with a related Ph.D. achieved 93% accuracy on
a random set of 100 instances without any in-context learn-
ing examples.

Prompting strategies. We evaluate the LLM’s ability to
reason with different prompting strategies. First, all-at-once
(standard) prompting evaluates the LLM’s robustness to per-
form these reasoning steps without explicitly prompting it
to reason. Conversely, CoT prompting is implemented as a
two-step approach following similar works on multi-choice
QA (Wei et al. 2022; Yoran et al. 2023; Kojima et al. 2022).
Specifically, the first prompt elicits the LLM to reason “step-
by-step”. Then, the generated reasoning is added to the
prompt and given to the LLM to generate the final answer.
Both standard prompting and CoT are evaluated for zero-
shot and few-shot capabilities, where few-shot prompts are

1https://platform.openai.com/docs/deprecations

Model Standard (Acc) CoT (Acc)
0-

shot
1-

shot
3-

shot
0-

shot
1-

shot
Llama3.1-8B-I 0.588 0.615 0.618 0.563 0.324
Llama3.1-70B-I 0.702 0.721 0.735 0.689 0.292
Llama3.1-405B-I 0.723 0.753 0.772 0.695 0.360
Llama3-8B-I 0.535 0.573 0.592 0.530 0.364
Llama3-70B-I 0.676 0.716 0.710 0.671 0.448
Llama2-7B-Chat 0.368 0.375 0.403 0.368 0.282
Llama2-13B-Chat 0.409 0.437 0.454 0.432 0.313
Llama2-70B-Chat 0.526 0.552 0.589 0.518 0.372
FLAN-T5-XXL-11B 0.503 - - 0.457 -
Falcon-7B-I 0.245 0.246 0.245 0.242 0.243
DeepSeek-M-7B-I 0.478 0.552 0.559 0.379 0.514
NuminaMath-7B 0.250 0.484 0.525 - 0.290
Mistral-7B-I-v0.1 0.467 0.475 0.483 0.460 0.407
Mistral-7B-I-v0.3 0.523 0.555 0.555 0.539 0.543
Mixtral-8x7B-I-v0.1 0.588 0.606 0.612 0.565 0.565

Table 2: Accuracy for each model across different prompt-
ing strategies. In model names, I stands for Instruct. Empty
entries for FLAN-T5 are due to engineering limitations as
a result of prompts exceeding the LLM’s input token limit.
Due to the slow generation speed of the NuminaMath model,
which took around 10 days to generate reasoning steps, we
skipped the 0-shot CoT experiment.

created by randomly sampling instances with the same ques-
tion type from the validation split. Note that for ICL ex-
amples, ground-truth reasonings are excluded in standard
prompting but included in CoT.

Evaluation protocol. Our custom evaluation framework
takes inspiration from Robinson and Wingate (2023) and
binds each option to a symbol (i.e., A, B, C, D). We further
discovered that appending the prompt “Therefore, among A
through D, the answer is (” to the end reliably guided all
tested LLMs to output the required format. We bind each
answer to a symbol to avoid punishing models that display
the proper reasoning ability to reach the correct solution, but
hallucinate or cannot output one of the options exactly. We
calculate the accuracy by comparing the exact match be-
tween the generated answer and the corresponding ground
truth.

An example of the different components of the prompt
is shown in Figure 4. Standard and CoT prompting strate-
gies are comprised of the same components shown in the
figure. The only difference is that zero-shot prompts omit
the explicit REASONING step, and CoT prompts would
use two different INPUT TAGS between the trigger prompt
and the answer-eliciting prompt. As mentioned, CoT is per-
formed through a two-step approach. The first step extracts
the REASONING component (Figure 4). The second step
appends the REASONING component to the trigger prompt
to generate the final answer.

To create the reason extraction prompt, we take the same
format as the few-shot prompts, but append the TRIGGER
PROMPT (e.g., “Let’s think step by step”) after the list of
OPTIONS.
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Figure 4: The different components of a prompt. The pre-
defined text is in black; we provide an example (in blue),
and the LLM output (in red).

Results and Discussion
We show the potential of ORQA as a useful benchmark for
LLMs across multiple dimensions of interest. Here are some
key findings:

- Model size contributes to reasoning performance.
Not surprisingly, an LLM’s reasoning ability is correlated
to the size of an LLM. As shown in Table 2, this is true
when comparing models within the same family (e.g., Llama
3.1). However, some models such as Mistral-7B and Flan-T5
perform better than Llama2-13B despite being smaller. This
supports the findings from (Jiang et al. 2023) that Mistral
7B outperforms Llama2-13B across their evaluation bench-
marks potentially due to Mistral’s application of sliding win-
dow attention that allows Mistral to better handle the long
natural language model descriptions (Jiang et al. 2023).

- CoT generally drops the performance. ICL exam-
ples benefit standard but not CoT prompting. Answer-
ing ORQA questions requires multi-step reasoning, and CoT
prompting has been shown to elicit reasoning in LLMs (Wei
et al. 2023). However, our experiments surprisingly indicate
decreased performance on ORQA when using CoT (Table 2
and Figure 6). By investigating the generated reasoning, we
found that the models often ignored instructions. For exam-
ple, although the prompt specifies that only one option is
correct, the models would attempt to generate reasoning that
selects none or multiple options. We also report hallucina-
tions where models would create their own options and se-
lect those. Finally, the reasonings were often incorrect, as
highlighted in Figures 9 and 10 in Appendix of Mostajab-
daveh et al. (2024a). A promising direction is to explore
more advanced CoT prompting techniques, including pos-
sible extensions of the faithful CoT reasoning presented by
Lyu et al. (2023).

- Trigger prompts impact performance. Prompt en-
sembling improves CoT performance. Inspired by Liévin
et al. (2024), we experimented with different trigger prompts

Figure 5: Heatmap of LLM performance on different ques-
tion types. Performance is the average accuracy over the five
prompting strategies.

Figure 6: Performance comparison of Standard and CoT
prompting. Questions of Category B & C require more OR
and/or model building knowledge.

for CoT. These experiments were conducted using the fol-
lowing settings: 0-shot with Llama-3.1-70B-Instruct, tem-
perature set to 0.7, and each trigger prompt was run five
times. The results are recorded in Table 3. Different trigger
prompts can change the performance, with scores ranging
from 0.648 to 0.689.

- Fair performance on reading comprehension. Poor
performance if a question requires OR knowledge and
model building knowledge. As shown in Figure 5, the
questions requiring only reading comprehension (left-side
of the heatmap) resulted in fair performance. However, the
questions that require OR and/or model building knowl-
edge (right-side of the heatmap) were too difficult and many
LLMs performed poorly. These trends can also be seen in
Figure 6 where LLMs performed worse on the more dif-
ficult questions. To enable LLMs to deal with such com-
plex questions is a critical venue for future work. One pos-
sibility is providing domain-specific knowledge bases or en-
abling API calls during reasoning, which has been shown to
enhance an LLM’s ability to perform knowledge-intensive
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CoT Prompt (0-shot with Llama-3.1-70B-Instruct) Average STD Best

Let’s think step by step 0.688 0.001 0.689
Let’s work by elimination 0.648 0.000 0.649
Let’s reflect on each answer option like an operations research expert 0.689 0.001 0.689
Let’s use step by step inductive reasoning, given the mathematical
nature of the question 0.674 0.003 0.676

Let’s think step by step like an operations research expert 0.685 0.000 0.685

Prompt ensembling (majority vote) 0.696 0.008 0.702

Table 3: Impact of preceding trigger prompts on Llama-3.1-70B-Instruct using 0-shot CoT. Results are averaged over five
independent runs per prompt. The bottom row shows the accuracy of ensembling all prompts.

reasoning tasks (Yao et al. 2023). Another option would
be to explore architecture alternatives to transformers such
as StripedHyena (Poli et al. 2023), that could better deal
with the concerning findings of Dziri et al. (2024) which
suggest transformer-based LLMs reduce compositional rea-
soning into linearized subgraph matching. In essence, these
findings seem to indicate that transformer-based LLMs are
inherently limited in their ability to perform complex multi-
step reasoning. Along these lines, ORQA could represent a
useful benchmark for testing LLMs based on those novel ar-
chitectures.

- In-context learning can reduce the number of rea-
soning steps and reasoning errors. We analyzed reasoning
steps generated by Llama2-13b-chat model in 0-shot and 1-
shot CoT settings on our validation set. OR experts manually
evaluated a total of 90 instances (45 per setting) and clas-
sified the reasoning into four categories: correct reasoning,
incorrect logic, insufficient knowledge, and incorrect read-
ing comprehension. Representative examples are provided
in Appendix of Mostajabdaveh et al. (2024a) (Figure 10).
As shown in Table 4, the number of reasoning steps in the 0-
shot setting is significantly higher than in the 1-shot setting.
This increases the likelihood of errors in intermediate steps,
explaining the lower accuracy in 0-shot reasoning. Interest-
ingly, in 20% of 0-shot tests, the model arrived at the correct
answer despite some reasoning errors. Lastly, correct rea-
soning strongly correlates with finding the correct answer.
Please refer to Appendix of Mostajabdaveh et al. (2024a) for
our analysis on the relations between reasoning error types
and question categories.

Metric 0-shot 1-shot

Instances with correct answer 35.6% 33.3%
Instances where all are reasoning

steps are correct 15.6% 31.1%

Incorrect reasoning, correct answer 20.0% 6.7%
Incorrect answer, correct reasoning 0.0% 4.4%
Avg. number of steps per instance 7.93 4.53
Avg. accuracy of steps per instance 0.682 0.611

Table 4: Statistics on generated reasoning steps and answers
using Llama2-13b-Chat on the validation set with CoT.

- Length of ICL examples has a greater influence on
accuracy than the similarity of question types. We ex-

plore the impact of ICL example selection on ORQA by run-
ning four experiments on the Llama2-13B-Chat with 1-shot
CoT: (1) random ICL selection, (2) same question type, (3)
similar prompt length, (4) same question type and similar
prompt length. Table 5 presents the results. We found that
while both the length of ICL examples and the similarity
of question types improved the performance, an example of
similar length had more impact.

Approach Accuracy
Random selection 0.300
Same question type 0.313
Similar length 0.353
Similar length & same question type 0.362

Table 5: Comparison of different ICL example selection ap-
proaches.

Conclusion and Future Works
LLMs have received recognition and popularity through in-
terfaces like ChatGPT. However, as they are being used more
in high-stakes fields such as medicine and law, we must un-
derstand the reasoning behind these LLM responses. Thus,
we developed the Operations Research QA (ORQA) bench-
mark and utilized it to evaluate the generalization and rea-
soning abilities of some popular pretrained LLMs within a
novel and technically complex domain. We explored differ-
ent prompting strategies to evaluate perspectives of reason-
ing using ORQA. Our results show that there is still con-
siderable room for improvement across different LLMs with
Llama3.1-405B-Instruct achieving the highest accuracy of
0.772 and human expert accuracy (on a subset) of 0.93.

We acknowledge that structured reasoning metrics, such
as those in ROSCOE (Golovneva et al. 2023), reasoning
graph accuracy and similarity in STREET (Ribeiro et al.
2023), and entailment tree comparisons (Dalvi et al. 2021),
are promising for automating the evaluation of reasoning
steps in ORQA. By making ORQA publicly available, we
look forward to seeing it used as a benchmark for LLMs, es-
pecially for models trained specifically on the task of QA or
OR and related fields. We also encourage experts to expand
this dataset by introducing not only more OR multi-choice
QA problems, but also from other technical fields similarly
requiring expert-level knowledge and reasoning skills with
limited publicly available text corpora.
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