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WIP: Low Effort, High Grades? Benchmarking LL.Ms on Various
Engineering Assignments

1 Introduction

With the rapid advancement of large language models (LLMs) [} 2], students are increasingly
adopting such tools in their academic work [3]]. This has raised growing concerns among
educators regarding academic integrity [4, 5] as well as the potential impact of LLM use on
student learning outcomes [3, 6]].

Recent LLM systems support expanded capabilities, including explicit reasoning through
chain-of-thought prompting [7]], multimodal understanding of files and images [8], programming
code generation [9], and complex document production (e.g., slide decks, spreadsheets, and
PDFs) [10]. These advances have enhanced the adoption of LL.Ms in educational contexts [[11]],
where they are increasingly used for automated assessment [[12] and conversational

tutoring [[13,[14]. Instructors have expressed concern that students may rely on LLMs to minimize
effort on coursework, potentially diminishing meaningful learning. In this paper, we specifically
examine whether currently widely used LLMs can complete various authentic engineering
coursework end-to-end (from prompt to final solution without human intervention).

Systematic evidence remains limited regarding LLLM performance across the range of assignment
formats commonly used in engineering education. Wang et al. [15] examine ChatGPT’s success
in a calculus-based physics course, but is limited to homework questions with numerical answers.
Kortemeyer [16] experiments with a more varied list of assignments, also in a physics course, but
allowed a significant amount of human interaction. Borges et al. [17] tested ChatGPT’s
performance on a large bank of mathematical questions across courses in their university.
However, these questions were all text-based and largely had closed, quantitative answers.
Puthumanaillam et al. [18]] evaluate ChatGPT across an entire undergraduate aerospace
engineering course, examining its ability to independently complete a broad range of coursework
tasks. Building on prior work, this work-in-progress study explores the end-to-end performance
of multiple LLLMs across various authentic engineering assignment types, including both
open-ended and closed-form problems, with the goal of providing preliminary insights to inform
future comprehensive evaluations.

We evaluate six state-of-the-art LLMs commonly used by students on 24 authentic assignments
drawn from three undergraduate engineering courses at a public research university, covering
introductory programming, numerical methods, and computational algorithms. Courses range
from introductory to upper-division. To assess the effects of prompt input modality, we compare
image-based prompts versus simplified-text prompts. To capture assignment-type diversity, we



organize tasks into multiple-choice questions, programming code-writing tasks, and
constructed-response questions, which we further divide into long-form algorithm design
questions and short-form conceptual analysis questions.

2 Methods

We approximate an archetype of a student who wants to get a “good grade” without putting in the
effort required to achieve such a grade. Therefore, we design an evaluation pipeline in which
assignment materials are directly provided to LLLMs, and the model’s output is submitted with
minimum human intervention. In this section, we describe the types of assignments considered,
the selection of LL.Ms evaluated, and the prompts used in our study.

2.1 Assignment Types

We collected 24 authentic assignment questions in total, sampled from three undergraduate
engineering courses at a large public research university. These questions represent a subset of the
assignment content within each course. The courses cover introductory programming, numerical
methods, and computational algorithms, and range from lower-division to upper-division levels,
allowing us to assess model performance across varying levels of conceptual difficulty. The
introductory programming and numerical methods courses used Python as their programming
language, while the computational algorithms course required students to write pseudocode.

We categorized assignments by assessment type: multiple-choice questions, programming
code-writing tasks, and constructed-response questions. We further divided constructed-response
questions into long-form algorithm design questions, which require extended written responses
describing how to solve an algorithmic problem (including algorithm selection, correctness
justification, and pseudocode), and short-form conceptual analysis tasks, which require brief
written responses focused on reasoning and explanation of numerical concepts.

Multiple-choice submissions and code-writing submissions were both auto-graded through an
online assessment platform used by the university. Algorithm-design responses were graded by
two engineering graduate students with advanced training in algorithms using a predefined rubric;
any discrepancies were reviewed together and resolved. Graders were not the subjects of this
study and thus their quality was not evaluated; the grades that the LLM received from the grader
were considered as-is, without further analysis. Conceptual-analysis responses were added to
each course’s regular grading pool, mixed with student submissions, and evaluated by the course
teaching assistant without disclosure of authorship to minimize bias. These grading formats were
defined by the course instructors based on learning goals and course pedagogy, and had been used
in prior semesters independent of this study; the only change in the present work was the
inclusion of Al-generated responses among the graded submissions. Table | provides an
summary of the 24 assignments used in this study.

2.2 LLM Selection

Our goal is to evaluate whether LLMs that are currently widely used by students can complete
authentic engineering coursework in a manner that reflects realistic student use. We approximate



Assignment Type Course Grading Method Count

Multiple-choice Intro Programming Autograder 4
Programming code-writing Intro Programming Autograder 4
Algorithm design Computational Algorithms Human 4
Conceptual analysis Numerical Methods Human 12

Table 1: Overview of the 24 authentic coursework assignments evaluated in this study, showing
assignment type, course context, grading method, and the number of assignments in each category.

scenarios in which students rely on readily available generative Al tools to complete assignments
end-to-end with minimal additional effort. Therefore, we restrict our study to models that are
accessible through chat-based interfaces, are free to use or available at relatively low cost, and
require no specialized technical setup.

Many authentic engineering assignments include LaTeX-formatted equations, diagrams, or other
visual elements. Based on our instructional experience across multiple engineering courses, we
observed that some students submitted such materials directly (e.g., as screenshots or
supplementary files) rather than manually transcribing them into text. Therefore we further
require that all selected models support image-based and supplementary file inputs. We also
systematically compare model performance under plain natural-language text prompting and
image-based prompting conditions, described further in Section

Based on the above criteria, we selected six state-of-the-art LLMs that were widely accessible to
students at the time of this study [19]: GPT-5-Thinking, GPT-5-Instant, GPT-40, Gemini-2.5-Pro,
Claude Sonnet 4, and DeepSeek-V3.1 DeepThink.

2.3 LLM Prompts

We adopt prompting strategies similar to those proposed by Puthumanaillam et al. [18].
Specifically, we evaluate two prompting techniques intended to reflect realistic minimum-effort
student behavior when submitting coursework to LLMs. All model generations are performed
without human intervention beyond prompt preparation.

Image-based prompting. In the first approach, assignment questions were provided to the LLMs
as direct screenshot uploads, including any mathematical equations and diagrams (Figure[I]). This
approach closely mirrors how students may interact with LLMs in practice by submitting
photographed or screenshot assignment materials without any manual transcription.

Simplified-text prompting. In the second approach, assignment questions were translated into
plain natural-language text (Figure [2). When questions contained LaTeX expressions,
mathematical notation, or tables, these elements were converted into equivalent textual
descriptions. This prompting method serves as a text-only baseline and allows us to compare
performance against image-based inputs while preserving the problem content.



LLM input prompt (screenshot)

For a string =, ng(z) denotes the number of zeros in it and ny (x) denotes the number of ones in it.

Show that cach of the following languages defined over {0, 1} is regular.

(a) Li ={z:no(x) mod 2 =0}.
(b) Ls ={z:np(x) mod 2 =1}.
(¢) Ly ={z:n(z) mod 2 =0}.
(d) Ly={z:ny(z) mod 2 =1}.

You are given a screenshot of a question. Provide the final solution in LaTeX format.

Figure 1: Example input prompt using image-based prompting, where the original assignment is
provided as a screenshot.

LLM input prompt (simplified text)

Description:

For a string x, n0(x) denotes the number of zeros in it and n1(x) denotes the number of ones in it.
Show that each of the following languages defined over {0,1} is regular.

a) L1 = {x : n0(x) mod 2 =0}

b)L2={x:n0(x) mod2=1}

¢) L3 ={x:nl(x) mod 2 =0}

d)L4={x:nl(x)mod2=1}

You are given a question description. Provide the final solution in LaTeX format.

Figure 2: Example LLM input prompt using simplified-text prompting, where any mathematical
notation and formatting are converted into plain natural-language text.

3 Results and Discussion

We report preliminary results on the performance of six LLMs across question types and
prompting modalities. Performance is computed by averaging the percentage scores obtained on
individual questions within each category. We first summarize overall model performance
aggregated across all assignments, and then present detailed analyses by question type and
prompting modality.

Overall performance. GPT-5-Thinking achieves the highest overall performance with a
performance score of 98.47% with Gemini-2.5-Pro following closely at 97.08%. DeepSeek-V3.1
DeepThink, GPT-5-Instant, Claude Sonnet 4, and GPT-40 obtain performance scores of 96.94%,
95.65%, 94.61%, and 93.08%, respectively.

Performance by question type. Figure [3|reports performance by question category. Across all
six models, performance is near ceiling on multiple-choice questions and programming
code-writing tasks. All models achieve 100% on programming questions. For multiple-choice
questions, five of the six models score 100%, with the only deviation coming from GPT-40



(87.5%). These results suggest that currently widely used LLMs are capable of reliably
generating correct solutions for introductory programming coding and multiple-choice
assignments, as expected.

The models achieve near-perfect scores on advanced algorithm-design questions, contrary to
common assumptions about the relative difficulty of long-form responses. LLMs may struggle
with long text generation, especially as required length and structural complexity increase [20].
However, we discover here that despite requiring extended written responses, correctness
justification, and pseudocode, all models achieve mean scores above 96%.

In contrast, short-form conceptual analysis questions achieve slightly lower accuracy than
long-form algorithm-design questions for every model evaluated in this study, although still
considered high overall. Scores range from 86.94% (Claude Sonnet 4) to 96.67%
(GPT-5-Thinking). Errors in this category frequently involve incorrect mathematical reasoning,
misuse of methods not covered in the course, or incomplete or inconsistent explanations.
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Figure 3: Performance of six LLMs across the four question categories: multiple-choice, program-
ming code-writing, short-form conceptual analysis, and long-form algorithm design. Error bars
indicate 95% confidence intervals around the mean scores.

Performance by input modality. Figure 4] compares model performance under simplified-text
prompting and image-based prompting modalities. This analysis is restricted to two courses for
which identical questions were evaluated under both modalities; the others courses were excluded
because comparable paired inputs were not available.

Across most models, simplified-text and image-based prompting yield comparable performance,
and no consistent advantage of one modality over the other is observed. In some cases,
image-based prompting performs slightly worse, while in others performance is marginally
higher, suggesting that modality effects are model-dependent rather than systematic.

Exceptions include Claude Sonnet 4 and GPT-40, which exhibit lower performance under
image-based prompting in specific settings. Manual inspection of errors reveal that these failures
come from misinterpreted information in the image input (unread equations and numerical
values), suggesting limitations in optical character recognition rather than deficiencies in
problem-solving ability. More recent models appear less affected by such issues.
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Figure 4: Performance of six LLMs under simplified-text and image-based prompting across two
courses. Error bars indicate 95% confidence intervals around the mean scores. A third course is
excluded because assignment questions were not evaluated under both prompting approaches.

4 Conclusion

In this paper, we present a preliminary evaluation of six widely used LLMs on a range of
authentic engineering coursework, focusing on their ability to generate end-to-end solutions under
minimal human intervention. Our study aims to extend prior research by examining multiple
widely used LLLMs across both open-ended and closed-form assignment types.

We observe near-ceiling performance on multiple-choice, code-writing, and long-form algorithm
design questions across all six models. Performance on conceptual analysis questions is more
variable, though generally high. Text-based and image-based prompts perform similarly overall;
image-based prompts exhibit occasional errors due to optical character recognition limitations.
These preliminary findings provide insight into the capabilities and limitations of current LLMs
when applied to authentic engineering coursework.

This work serves as an initial step toward our ongoing research on more comprehensive,
longitudinal evaluations of LLM performance across complete engineering courses and multiple
semesters. We aim to understand the implications of LLM use for assessment design and student
learning outcomes in engineering education.
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