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How many geometric objects are there in
the following image? How many cubes?
Spheres? Cylinders?

The following two diagrams show several vectors in 3D space from two perspectives.
Which of the colored vectors is coplanar (lying in the same plane) with both of the gray
vectors?

Figure 1: Two questions from CG_EASY that GPT-4o struggled with (2 out of 10 responses are correct for the left question, and
0 out of 10 responses are correct for the right question)

Abstract
CG (Computer Graphics) is a popular field of CS (Computer Science),
but many students find this topic difficult due to it requiring a large
number of skills, such as mathematics, programming, geometric
reasoning, and creativity. Over the past few years, researchers have
investigated ways to harness the power of GenAI (Generative Arti-
ficial Intelligence) to improve teaching. In CS, much of the research
has focused on introductory computing. A recent study evaluating
the performance of an LLM (Large Language Model), GPT-4 (text-
only), on CG questions, indicated poor performance and reliance
on detailed descriptions of image content, which often required
considerable insight from the user to return reasonable results. So
far, no studies have investigated the abilities of LMMs (Large Mul-
timodal Models), or multimodal LLMs, to solve CG questions and
how these abilities can be used to improve teaching.

In this study, we construct two datasets of CG questions re-
quiring varying degrees of visual perception skills and geometric
reasoning skills, and evaluate the current state-of-the-art LMM,
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GPT-4o, on the two datasets. We find that although GPT-4o exhibits
great potential in solving questions with visual information inde-
pendently, major limitations still exist to the accuracy and quality
of the generated results. We propose several novel approaches for
CG educators to incorporate GenAI into CG teaching despite these
limitations. We hope that our guidelines further encourage learning
and engagement in CG classrooms.
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1 Introduction
The advancement of GenAI (Generative Artificial Intelligence), es-
pecially LLMs (Large Language Models), has garnered global atten-
tion from the Computing Education research community [Denny
et al. 2024b]. LLMs excel at generating solutions that are typical of
many programming-focused computing courses [Denny et al. 2023;
Finnie-Ansley et al. 2022, 2023; Savelka et al. 2023]. However, since
LLMs can only process textual inputs, they perform poorly in tasks
requiring image inputs and/or visual and geometric processing
skills [Feng et al. 2024a], which are essential in solving questions in
CG (Computer Graphics) [Rodrigues et al. 2021; Suselo et al. 2017].

LMMs (Large Multimodal Models), or VLMs (Visual Language
Models), are extensions of LLMs that allow users to provide in-
formation in non-textual formats, such as images. An example is
GPT-4o (GPT-4 Omni) [OpenAI 2024b], an LMM developed by Ope-
nAI that allows image inputs. The release of LMMs opened many
new opportunities. With image inputs, users can provide visual
context to the GenAI model, making human-AI interactions easier,
and questions requiring visual context can now be asked effortlessly.
This also possibly allows LMMs to solve questions requiring visual
and geometric reasoning skills, such as those in CG.

Investigating the performance of LMMs, such as GPT-4o, on
CG questions can provide insight into decisions and opportunities
related to teaching CG. Past research suggests that the poor perfor-
mance of GPT-4 in CG questions limits students’ ability to misuse
it [Feng et al. 2024a], but also makes it harder for CG instructors
to use GenAI for teaching (e.g., by providing formative feedback,
creating practice questions [Feng et al. 2024b], generating explana-
tions). Evaluating the capabilities and limitations of GPT-4o in the
context of CG enables educators to make more informed decisions
about integrating GenAI into their teaching.

In this work, we investigate the visual perception and geomet-
ric reasoning capabilities of GPT-4o by using two datasets of CG-
related questions. We compare the visual processing capabilities of
GPT-4o to its textual processing capabilities and outline implica-
tions and recommendations for CG educators. Our study aims to
answer the following Research Question:

How well can GPT-4o solve Computer Graphics questions requiring
visual perception and geometric reasoning skills?

2 Related Work
2.1 LLMs in Education
There has been substantial research on various GenAI models, with
a prominent focus on LLMs. Past research showed impressive ca-
pabilities of LLMs in many subjects, such as reading comprehen-
sion [Brown et al. 2020], law [Katz et al. 2024], medicine [Liévin et al.
2024; Nori et al. 2023], and various other academic fields [AI4Science
and Quantum 2023], thus bringing opportunities and challenges in
many disciplines [Abd-Alrazaq et al. 2023; Tu et al. 2023; Yeadon
and Hardy 2023]. In CS (Computer Science), LLMs achieved high
performance in CS1 [Denny et al. 2023; Finnie-Ansley et al. 2022],
CS2 [Finnie-Ansley et al. 2023], and programming-related MCQs
(multiple-choice questions) [Savelka et al. 2023], often surpassing
average student performance. Additionally, LLMs are capable of as-
sisting CS educators by generating educational material [Leinonen
et al. 2023; Liffiton et al. 2023; MacNeil et al. 2023], providing many

new opportunities [Bernstein et al. 2024; Denny et al. 2024a]. De-
spite the wide variety of tasks that LLMs can complete, there are
still many areas in which they exhibit limited performance, such as
reasoning [Bang et al. 2023], visual programming [Singla 2023], and
Parsons Problems (a programming exercise where students reorder
shuffled code blocks) [Reeves et al. 2023].

Understanding the capabilities of LLMs for CG is an area of
active research. We evaluated the performance of GPT-4 (text-only)
on assessment questions used in an undergraduate introductory
CG course and found that GPT-4 produced correct solutions to only
42.1% of the questions [Feng et al. 2024a]. Another study assessed
GPT-4’s ability to generate code for a Ray Tracing application, and
the results demonstrated a similar performance compared to the
previous study (42% accuracy) [Feng et al. 2024b].

2.2 Evaluations of LMMs
We theorize that the low performance of LLMs for CG questions is
due to CG requiring extensive visual-based reasoning skills, and
LLMs struggle with these tasks due to their textual nature and lack
of visual training data [Feng et al. 2024a; Singla 2023]. LMMs allow
users to provide visual context to the model directly. However, since
LMMs are still relatively new, few studies have been conducted to
measure their capabilities in various tasks.

Two early evaluation reports on GPT-4V (GPT-4 Vision [OpenAI
2024a], the predecessor of GPT-4o) showcased its capabilities on
queries requiring visual contexts in a wide variety of settings, such
as visual math reasoning and code generation [Wu et al. 2023b;
Yang et al. 2023]. The results showed impressive visual-based rea-
soning skills of LMMs. Nevertheless, they often produce errors.
Similar evaluation studies on more specialized areas showed that
LMMs are somewhat capable of assisting in medical diagnoses [Wu
et al. 2023a], map analysis [Xu and Tao 2024], and autonomous driv-
ing [Driessen et al. 2024; Wen et al. 2024]. However, the consensus
remains that there are significant limitations to the capabilities of
LMMs, and more development is needed before they can reliably
support real-world applications.

In the context of education, GPT-4V has been compared with
its text-only counterpart, GPT-4 Turbo, on a specialized medical
examination, and no statistically significant differences between
the results were found between the two models [Hirano et al. 2024],
indicating that LMMs do not necessarily outperform LLMs. In a
study more relevant to CS, the ability of GPT-4V to generate code
based on UML diagrams was evaluated, and it was observed to
perform well for simpler, single-class UML diagrams, but it failed
to consistently generate correct code for more complex, multi-class
UML diagrams [Antal et al. 2024].

Despite the mediocre performance of LMMs on some educational
tasks, the use of LMMs or similar applications can increase student
performance and interest [Zain et al. 2023]. Effectively leveraging
this in educational settings may lead to similar positive impacts.

3 Methods
3.1 Overview
We investigate the current capabilities of GPT-4o on CG questions
by 1) collecting and creating CG questions; 2) converting them into
the JSON format accepted by GPT-4o; 3) fetching responses from
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GPT-4o (through the OpenAI API) as attempts at answering the
questions; 4) evaluating the correctness of the responses. We then
interpret the results and make recommendations to CG educators
about how LMMs can be used for CG teaching.

3.2 Step 1: Collecting Questions
Our first dataset derives from a previous study using GPT-4 [Feng
et al. 2024a]. It contains 101 assessment questions used in a third-
year introductory CG course, 68 of which are MCQs and 33 are
programming questions. The questions are taken from the mid-
semester tests and final exams of the 2022 and 2023 iterations of
the course (i.e., four assessments in total). We refer to this dataset
as CG_TEST in this paper. The topics covered in the questions
include but are not limited to introductory Linear Algebra, intro-
ductory OpenGL, Colors and Lighting, Illumination and Shading,
Texture Mapping, Ray Tracing, 3D Modelling, Parametric Curves
and Surfaces, and Image Processing.

Each assessment is split into Theory and Programming parts.
Theory parts consist of MCQs of four or more options. Program-
ming parts consist of programming questions that often require
students to write code snippets, which are then executed against
pre-written test cases. If all test cases are passed, then the student is
awarded all marks allocated for the question. Otherwise, no marks
are awarded. No partial marks are given.

Of all 101 questions, 67 contain no images, and 34 contain im-
ages. Although many of the questions contain no images, almost
all questions require visual perception and geometric reasoning
intelligence as the course focuses heavily on developing these skills
and contains highly visual concepts. Several example questions are
listed throughout the paper.

Since the assessment questions are quite technical and special-
ized, we also want to investigate GPT-4o’s ability to process visual
information without using specialized knowledge and whether this
makes a difference in performance. Hence, we also created a small
dataset containing 10 basic image-based CG-related short-answer
questions, which we refer to as CG_EASY in this paper. However, lit-
tle to no CG background is required to answer these questions, and
only common sense and a moderate amount of visual and geometric
reasoning skills are needed. The questions involve identifying and
counting geometric objects in a scene, light-surface interactions,
basic 3D geometry, and basic 3D transformations (translations and
rotations). Figure 1 shows two example questions from this dataset.

The two datasets used in this study are publicly available through
the link provided in Section 7.

3.3 Step 2: Converting to JSON
GPT-4o allows for inputs in various formats, such as images from
publicly accessible URLs, and combinations of multimodal content
as single inputs, such as interweaving texts and images. Multimodal
inputs follow the JSON format shown in Figure 2.

The questions collected fromCG assessments contain texts, math-
ematical formulas, and images, but they are not in the format ac-
cepted for multimodal inputs. Hence, some preprocessing needs to
occur before the questions can be processed by GPT-4o.

[
{ "type": "text", "text": "[TEXT]" },
{ "type": "image_url", "image_url": { "url": "[IMAGE_URL]", } },
...

]

Figure 2: GPT-4o multimodal input JSON format

Given is a plane 3x+2y-z=3 and a ray

𝑝 (𝑡) = ©­«
1
0
1

ª®¬ + 𝑡 ∗ ©­«
−1
𝑐

0

ª®¬
For what value of c is the ray parallel to the plane?
Select one:
a. c=0; b. c=1.5; c. c=0.5; d. c=1; e. c=-0.5
[

{
"type": "text", "text": """

Given is a plane 3x+2y-z=3 and a ray
$$p(t)=\begin{pmatrix}1\\0\\1\end{pmatrix}+t*\begin{pmatrix}
-1\\c\\0\end{pmatrix}.$$
For what value of c is the ray parallel to the plane?
Select one:
a. c=0; b. c=1.5; c. c=0.5; d. c=1; e. c=-0.5

"""
},

]

Figure 3: An example assessment question containing for-
mulas (top); the textual version of the question using LaTeX
commands, in the GPT-4o text-only input format (bottom)

Texts can be copied directly into the “text” field corresponding
to “type”: “text”. Mathematical formulas are replaced by their cor-
responding LaTeX commands. An alternative method would be
to replace formulas with their textual counterparts, for example,
replacing “2×3” (written with LaTeX commands) with text symbols
such as “2x3” and “2*3”, but such replacements can be inconsistent.
Hence, TeX commands are used to keep conversions consistent.
Figure 3 shows an example of this conversion.

Although we can directly feed images to GPT-4o, we also want
to investigate any differences in performance on image-based ques-
tions with its text-only capabilities. Past literature has used image
descriptions to encompass all relevant information in the images,
which is then fed as input to LLMs in place of the images [Yang et al.
2022]. Our previous study that evaluated CG questions also used
this strategy before the publication of LMMs [Feng et al. 2024a].
Therefore, for every image in our dataset of assessment questions,
we can replace it with a textual description of the image, at the
level of detail a capable student could produce, containing all the
information necessary to solve the corresponding question. Two ex-
amples are shown in Figure 4. Then, for every question containing
images, we constructed two JSON objects in their corresponding
input formats for GPT-4o: text-only using textual descriptions and
multimodal using real images. An example is shown in Figure 5.
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The background is bright
yellow, and a gray sphere is
shown with a medium level
of lighting, with a bright
white highlight covering a
small portion of the surface
of the sphere.

The image shows a shifted
version of the base im-
age. Using grid coordi-
nates from the base image,
where the bottom left cor-
ner of the base image is (0,
0) and the top right corner
of the base image is (4, 4),
then the bottom left corner
is (0, 2), the bottom right
corner is (3, 0), and the top
right corner is (3, 4).

Figure 4: Two example images used in CG_TEST and their
corresponding textual descriptions

3.4 Step 3: Fetching Responses
After the questions are converted to JSON objects, the data is sent
to GPT-4o via the OpenAI API, to which the model responds with
its answers. Each JSON object is sent 10 times, and 10 responses are
received, which are treated as 10 independent attempts. For every
question containing images, two separate JSON objects are sent
(text-only version and multimodal version), and 20 responses are
received for that question, 10 for each version. The model’s temper-
ature is set to 0.75, which is reported to perform well on previous,
similar studies [Feng et al. 2024a; Pursnani et al. 2023]. The system
message we use in this study is “You are a helpful assistant, and
you are knowledgeable in Computer Graphics. When you answer a
multiple-choice question, you state your selected option explicitly
while providing a concise and accurate explanation.”.

3.5 Step 4: Evaluating Correctness
The responses from the GPT-4o are then evaluated for correctness.
No partial marks are given (responses are categorized as correct or
incorrect).

For MCQs, responses are marked as correct if they state the
correct option or the letter associated with the correct option. The
responses usually contain explanations of their solutions, but they
are not required to be considered correct.

For programming questions, responses are marked as correct
if they contain the correct solution code that can be copied and
pasted into the AAT (Automated Assessment Tool) used in the
assessments and pass all test cases [Wünsche et al. 2018; Wünsche
et al. 2019]. We allow for some deletions from the generated code
solutions, such as boilerplate code which is often present in outputs,
as boilerplate code is already supplied by the AAT.

Table 1: Percentages of correct responses from GPT-4 (text-
only) [Feng et al. 2024a] and GPT-4o for questions in various
categories (the higher percentage is marked in bold)

Category GPT-4 GPT-4o
CG_TEST: All questions 42.1% 50.1%
CG_TEST: MCQs 53.5% 62.6%
CG_TEST: Programming (1 attempt) 27.1% 31.8%
CG_TEST: Programming (10 attempts) 53.6% 50.9%
CG_TEST: No images 60.0% 67.9%
CG_TEST: Images (textual descriptions) 36.5% 35.6%
CG_TEST: Images (real images) N/A 29.4%
CG_EASY: All questions N/A 62.0%

Furthermore, the accuracy is evaluated in two ways for program-
ming questions: ”1 attempt” and “10 attempts”. Under the conditions
of these assessments, students are allowed to submit their code so-
lutions for programming questions as many times as they want
with no penalties, and they obtain full marks for the question as
long as one of their attempts passes all test cases [Wünsche et al.
2018]. The “10 attempts” marking scheme is used to mimic this
setting. Alternatively, “1 attempt” mimics the setting where the
student has only 1 attempt for each question, and it measures the
expected score from 10 separate attempts. This is done by taking
the average of the 10 responses for every question.

4 Results
For CG_TEST, out of all 1350 responses received from GPT-4o (67
text-only questions, 34 image-based questions converted to text-
only using textual descriptions, 34 image-based questions using
multimodal input, 10 responses each), 676 responses are marked
as correct, which is 50.1% of all responses. Out of 800 responses to
MCQs (56 text-only MCQs, two versions of 12 image-based ques-
tions), 501 responses are correct (62.6%). Of 550 responses to pro-
gramming questions (11 text-only questions, two versions of 22
image-based questions), 175 responses are correct (31.8%). There are
55 groups of 10 responses to programming questions, each corre-
sponding to one programming question, and 28 out of the 55 groups
contained at least one correct response (50.9%). Of 670 responses to
text-only questions (67 text-only questions), 455 are correct (67.9%).
Of 340 responses to image-based questions using textual descrip-
tions (34 image-based questions using textual descriptions), 121 are
correct (35.6%). Of 340 responses to image-based questions using
real images (34 image-based questions using real images), 100 are
correct (29.4%). For CG_EASY, out of 100 responses from GPT-4o
(10 image-based questions using real images), 62 are correct (62.0%).
These results are summarized in Table 1.

5 Discussion
5.1 Overall Results
Overall, GPT-4o answers around half of the queries from CG as-
sessments correctly, i.e., it is not a reliable source of answers for
CG assessments or specialized CG questions. A slightly higher ac-
curacy is achieved for questions in the CG_EASY dataset. However,
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Given a function drawShape() which draws
a wireframe representation of the letter "L"
in the xy-plane as shown in the image be-
low.

Please write OpenGL code to transform this
shape such that you obtain the scene dis-
played in the image below:

IMPORTANT:
Please only use OpenGL transformations,
e.g. glScalef, glTranslatef, glRotatef.
Please do NOT draw the shape itself - this
is done automatically by the uploaded code.

[
{

"type": "text", "text": """
Given is a function draw-
Shape() which draws a wire-
frame representation of the let-
ter "L" in the xy-plane as shown
in the image below.

Image description: A letter L is
placed on the x-y plane. The
vertices on the shape are p1 =
(0, 0, 0), p2 = (0, 2, 0), p3 = (1.5,
0, 0).

Please write OpenGL code to
transform this shape such that
you obtain the scene displayed
in the image below:

Image description: A letter L
with twice the size is placed on
the x-z plane. The vertices on
the shape are p1 = (0, 0, 0), p2
= (0, 0, 4), p3 = (3, 0, 0).

IMPORTANT:
Please only use OpenGL
transformations, e.g. glScalef,
glTranslatef, glRotatef.
Please do NOT draw the shape
itself - this is done automati-
cally by the uploaded code.

"""
},

]

[
{

"type": "text", "text": """
Given is a function drawShape() which draws a
wireframe representation of the letter "L" in the
xy-plane as shown in the image below.

"""
}, {

"type": "image_url", "image_url": { "url": """
https://raw.githubusercontent.com/TFPlusPlus/
GPT-4V-vs.-CG/main/CG_Assessments_
Images/2022b15-1.jpg

"""
}

}, {
"type": "text", "text": """

Please write OpenGL code to transform this shape
such that you obtain the scene displayed in the
image below:

"""
}, {

"type": "image_url", "image_url": { "url": """
https://raw.githubusercontent.com/TFPlusPlus/
GPT-4V-vs.-CG/main/CG_Assessments_
Images/2022b15-2.jpg

"""
}

}, {
"type": "text", "text": """

IMPORTANT:
Please only use OpenGL transformations, e.g.
glScalef, glTranslatef, glRotatef.
Please do NOT draw the shape itself - this is done
automatically by the uploaded code.

"""
}

]

Figure 5: An example assessment question containing images (left); the textual version of the question using image descriptions,
in the GPT-4o text-only input JSON format (middle); the multimodal version of the question using the real images, in the
GPT-4o multimodal input JSON format (right)

it is still well below human performance, as these questions can be
solved easily with common sense and minimal visual and geometric
reasoning skills. This indicates a lack of consistency and reliability
in GPT-4o’s visual and geometric reasoning skills. Users should be
mindful of these risks for questions requiring these skills.

The performance of GPT-4o on MCQs is higher than that on
programming questions. This may be because MCQs are generally
easier than programming questions, as they usually only involve
one or two specific concepts. In contrast, programming questions
are more complex and require more steps and critical thinking.
Additionally, even if GPT-4o does not “know” the correct answer,
it can still return a correct answer due to chance (25% chance for
MCQs with 4 options, 20% for MCQs with 5 options).

GPT-4o performsmuch better on questions containing no images
than those containing images. This indicates that despite possessing
visual processing power, GPT-4o is still vastly superior at textual
processing than visual processing, even if the question context
requires visual and geometric reasoning skills. The question diffi-
culty may also contribute to the difference in performance, as more
difficult questions often require images to illustrate the context,
so questions containing images may, on average, be more difficult
than those containing none.

Comparing the results for image-based questions, queries us-
ing textual descriptions outperform those using real images. This
suggests that prompts written by humans can distinguish impor-
tant features in images that GPT-4o fails to do, and descriptions of
these features may help improve the model’s performance. Another

https://raw.githubusercontent.com/TFPlusPlus/GPT-4V-vs.-CG/main/CG_Assessments_Images/2022b15-1.jpg
https://raw.githubusercontent.com/TFPlusPlus/GPT-4V-vs.-CG/main/CG_Assessments_Images/2022b15-1.jpg
https://raw.githubusercontent.com/TFPlusPlus/GPT-4V-vs.-CG/main/CG_Assessments_Images/2022b15-1.jpg
https://raw.githubusercontent.com/TFPlusPlus/GPT-4V-vs.-CG/main/CG_Assessments_Images/2022b15-2.jpg
https://raw.githubusercontent.com/TFPlusPlus/GPT-4V-vs.-CG/main/CG_Assessments_Images/2022b15-2.jpg
https://raw.githubusercontent.com/TFPlusPlus/GPT-4V-vs.-CG/main/CG_Assessments_Images/2022b15-2.jpg
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Figure 6: An image used in a programming question asking
students to write code for intersecting a ray with a sphere
cut by a plane. The function takes the ray’s start point and
direction as input and returns the intersection point.

interpretation is that through describing the images, the human,
instead of the model, does some of the visual processing, so the
visual processing required for GPT-4o is reduced. Since GPT-4o is
observed to underperform in visual processing tasks, this reduces
the risk of GPT-4o making a mistake.

A similar past study evaluated the performance of GPT-4 (text-
only) on the CG_TEST dataset [Feng et al. 2024a]. Comparing the
results, we see an increase in the performance of “All questions”,
“MCQs”, and “Contains no images”. This indicates that GPT-4o
has, on average, improved its capability to answer CG questions
compared to its predecessor GPT-4, especially on textual questions.
“Programming (1 attempt)” shows a slight increase in performance,
but “Programming (10 attempts)” does not reach past performance.
This suggests that GPT-4o is more consistently correct on questions
that it is confident in, but the difference may simply be due to
chance and is too small to be conclusive evidence. The performance
of image-based questions using textual descriptions also does not
improve, indicating a lack of improvement in visual reasoning skills
from textual descriptions.

5.2 Common Characteristics of Responses
Please note that the behavior of the responses is dependent on the
system message used with the query, and queries using different
system messages may not show the following characteristics.

5.2.1 Varying lengths of explanations. The responses to the
CG_TEST dataset are generally lengthy and detailed, with most
explanations to questions reaching more than 10 lines of text and
some even reaching 30 lines. Additionally, GPT-4o would often
make mistakes but continue to elaborate along incorrect lines of
thinking, which can confuse students and reduce learning. Com-
mon errors made by GPT-4o for this dataset are conceptual errors
(e.g., using incorrect concepts, hallucinating false facts), mathe-
matical errors (e.g., incorrectly substituting values into formulas,
incorrectly expanding expressions, calculation errors), and logical
errors (e.g., stating fallacious causal relationships).

The responses to CG_EASY are much shorter, typically only
around 1-10 lines long, since solutions are often straightforward
and do not require complex explanations (although the responses
can still be incorrect).

Figure 7: Two images used in a programming question asking
students to map a texture image (left) onto a polygon mesh
(right).

5.2.2 Unnecessary code. For programming questions in the
CG_TEST dataset, the generated code snippets can be unnecessarily
long and contain large amounts of boilerplate code. For example,
the solution to a 3D programming question (shown in Figure 8) is
simply 3 lines of OpenGL code, calling the functions glRotatef(),
glScalef(), glTranslatef() once each. However, most generated solu-
tions for this question exceed 20 lines of code and include boilerplate
code supplied by the AAT, such as a main() function. There are
also many instances where the questions state that some classes
and functions are already provided, but GPT-4o still includes those
classes and functions with their full implementations, which leads
to redefinition errors when the unmodified code solutions are exe-
cuted, and these extra code snippets have to be manually removed
when testing for correctness.

5.2.3 Failure to follow specific instructions. In addition to disre-
garding statements specifying the existing classes and functions,
GPT-4o often fails to follow the correct syntax to call existing func-
tions. For example, a common function supplied by the debugger is
“dot(Vector v1, Vector v2)” for calculating the dot product of two
vectors. The syntax for calling this function is always specified
in the questions, but GPT-4o often fails to follow the syntax and
instead writes “v1.dot(v2)”. More than 40 responses out of the total
550 for programming questions include errors of this kind.

5.3 Specific Observations
5.3.1 Breakthroughs in difficult questions. The CG_TEST dataset
contains several questions GPT-4 could not answer correctly in pre-
vious studies [Feng et al. 2024a,b]. One example is a programming
question for ray tracing a cut sphere (shown in Figure 6), which
GPT-4 answered incorrectly for all 30 attempts across two stud-
ies. In this study, GPT-4o answered this question correctly (with
complete working code) in 1 out of the 10 responses for the textual
description version and also 1 out of 10 for the image version. This
is impressive since fewer than 5% of students could answer this
question with unlimited attempts in an exam.

The CG_TEST dataset also contains a texture mapping program-
ming question (shown in Figure 7), GPT-4 (text-only) could con-
sistently solve this question, but this could be due to the textual
descriptions of the images, and the visual processing that the hu-
man did by extracting the coordinates of the faces when describing
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Figure 8: Two images used in a programming question asking
students to transform a 3D color cube from its original posi-
tion (left) to a new position (right) using OpenGL functions
glScalef, glTranslatef, glRotatef. A textual description of the
3D transformation is also provided in the question.

the images. However, without the help of textual descriptions, GPT-
4o can successfully extract the coordinates of the faces from the
images and solve this question in 1 out of the 10 responses.

We acknowledge that the breakthrough performance on these
two questions could potentially be only due to chance, but when
combined with all other results, we suggest that over the past year,
GPT-4 has improved (multimodal vs. text-only) in performance for
CG questions.

5.3.2 Challenges in answering questions in CG_EASY. GPT-4o can
successfully solve 62.0% of the image-based questions in CG_EASY
without any human assistance or textual descriptions for the images,
which is certainly an impressive performance. However, there are
still some questions that GPT-4o struggles with, such as the two
questions shown in Figure 1.

For the question shown on the left of Figure 1, GPT-4o answers
correctly in only 2 out of the 10 responses. In the 8 other attempts,
GPT-4o states that there are either 8 or 9 objects in the image,
and in most cases, it identifies 4 cylinders. However, when directly
asking about the number of cylinders in the image, GPT-4o answers
correctly 9 out of 10 times. We theorize that the added complexity
of the question may have confused GPT-4o, and this reduction in
performance may not be related to its visual perception skills.

For the question on the right of Figure 1, GPT-4o incorrectly
answers “orange” in all 10 attempts. Although it sometimes states
that the blue vector is also coplanar with the gray vectors, it always
perceives the orange vector as coplanar, hence they cannot be
marked as correct. From the results of this question, we suggest
that although GPT-4o has modest visual perception skills, it still
lacks geometric reasoning skills.

5.3.3 Challenges in answering 3D transformation questions. A ques-
tion type that GPT-4 and GPT-4o struggle with is programming
questions related to 3D transformations, one of which is shown in
Figure 8. All 40 attempts from this study and the previous study
provide incorrect code solutions for this question, despite the cor-
rect solution only being 3 lines of code. This is further evidence
that GPT-4 and GPT-4o lack geometric reasoning skills, which are
essential in solving this question.

5.4 Implications
5.4.1 GenAI models are unreliable in visual question-answering.
The results of our study suggest that GPT-4o, or LMMs in general,
may not reliably answer CG questions requiring visual perception
skills and especially geometric reasoning skills. However, this does
not mean that GenAI models cannot be used to improve learning.
For example, CG educators can write or generate image descrip-
tions for CG problems and ask students to evaluate the quality of
the descriptions and/or improve the descriptions to enable GenAI
models to solve the original problems. Additionally, LMMs are also
useful for improving self-reflective practice [Kumar et al. 2024].

Conversely, CG educators should also raise student awareness
of the limitations of GenAI for CG questions and the importance of
critically evaluating the generated solutions. For CG educators who
are opposed to the use of GenAI for teaching and learning purposes,
since GPT-4o performs more poorly on image-based questions
than textual questions, greater use of image-based questions may
discourage students from using GenAI and encourage independent
thinking and learning.

5.4.2 A new exercise: Spot the error. An exercise for CG educators
is to use incorrect AI-generated solutions to CG questions and ask
students to find the errors in these solutions. This can simultane-
ously encourage students to reflect critically on their understanding
of the topics and also raise awareness of the limitations of GenAI.

5.4.3 Prompt engineering for more accurate and helpful responses.
In this study, we directly used the question texts (after formatting)
as prompts for the GenAI model. Recent research suggests that
GenAI can achieve higher performance through better prompting
strategies, such as splitting each question into smaller subquestions
or asking GenAI to explain step by step [Denny et al. 2023; Kojima
et al. 2022]. Different system messages can also be used to achieve
different performances and characteristics. This could also be a
good learning task for students, i.e., develop prompting strategies
to solve complex CG questions.

6 Conclusion
In this study, we constructed two datasets of CG assessment and
basic visual CG-related questions requiring varying degrees of vi-
sual perception skills and geometric reasoning skills. We evaluated
the performance of GPT-4o on these two datasets. Although GPT-
4o has improved in performance on visual questions compared to
predecessor models, it still lacks the visual processing power to
provide reliable academic support to CG students and, in general,
real-world applications requiring visual understanding. We also de-
scribed several common characteristics exhibited by GPT-4o in its
responses and outlined various specific questions on which GPT-4o
performed well or poorly. Finally, we suggested some implications
for CG education and provided recommendations to CG educators
on utilizing LMMs to improve CG teaching.

7 Resources
All images, textual descriptions, and JSON objects can be accessed
through this link: https://github.com/TFPlusPlus/GPT-4V-vs.-CG.

https://github.com/TFPlusPlus/GPT-4V-vs.-CG
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