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Abstract

We study the performance of two large language models in an under-
graduate second-year Theory of Computing course. The course contains two
pen-and-paper exams that are each taken by around 450 students. We had
both exams solved by two recent versions of GPT models, with the goal of
comparing their scores to those of the students. To avoid any possible bias,
we copied the solutions manually, and added them to the stack of exams that
were graded by the unsuspecting teaching staff. Our results show that GPT-40
would not have passed either exam, while GPT-5 would not only have passed,
but would actually have scored better than the majority of students.

1 Introduction

Following the introduction of ChatGPT to the general public in November 2022,
one of the most pressing implications discussed early on was the potential impact
of large language models (LLMs) on education [9]. This impact may come in many
forms, e.g., with respect to utilizing LL.Ms and the like in classrooms or lecture
halls, or diminishing (or at least re-evaluating) the meaningfulness of homework or
take-home assignments. The debate is ongoing, with some researchers pointing out
great opportunities for LLM-assisted teaching [13], while other voices are more
skeptical [11,12].
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Whatever the concrete use case, one central underlying question is what LLMs
are actually capable of doing, i.e., how well they perform in solving certain tasks. In
this paper, we focus on undergraduate CS, and more specifically on the performance
of two GPT-based models when solving exams of a second-year university course
on the Theory of Computing. The course content is somewhat standard [8] and
comprises formal languages, computability and complexity theory, with around
450 students attending each year.

LLMs are increasingly successful when solving problem statements from
different domains—including CS—, and there is a rich body of literature on bench-
marking different models, e.g., when solving problems from specific databases.

We follow a different approach. In particular, our goal was to assess LLM
performance in a setting that is as close as possible to solving an exam under
real-world conditions:

1. Genuine exam. We had two models (GPT-40 and GPT-5) work on two real
exams that were part of the aforementioned undergraduate course.

2. Blind grading. The solutions were graded by teaching staff, who were
unaware that two solutions (among the roughly 450) in each exam had not
been created by humans.

3. Lower bound. We purposely did not train the models on old exams or the
course material. We intentionally used two “vanilla” GPT versions without
any kind of fine-tuning to determine what is possible in such a zero-shot
setting.

One motivation was to investigate what an unprepared student having access to
a generic LLM for a short period of time—say, during a bathroom break—could
gain in an exam.

Concretely, we posed the following two research questions:

e RQ1. How well do LLMs, without any fine-tuning or special training,
perform in Theory of Computing exams?

o RQ2. Are there specific types of tasks where LLMs outperform humans and
vice versa?

Our results show that, unsurprisingly, GPT-5 consistently outperformed GPT-40;
and while the latter is “below the bar” in both exams, the former would actually
receive roughly 80-90% of the points in each of them. Taking into account that
some of the points were deducted due to GPT-5 using a notation different from that
introduced in the course (without properly introducing it as part of its solution),
this is indeed an impressive result.



2 Related Work

As mentioned above, the potential applications of LLMs in educational settings
are numerous and subject to ongoing research. A very recent survey on LLMs
in education is given by Shi et al. [20], drawing from 88 studies that consider
different applications in different settings. Our research questions focus on pure
performance in a very specific domain—and under conditions that are as close to a
real-world setting as possible.

A great deal of early work on benchmarking LLLM performance in education
was—not very surprisingly—focused on programming courses and competitions.
Pereira and Mello [18] provide a recent overview on how LLMs can assist edu-
cators in programming classes, e.g., with generating feedback, debugging code,
or personalizing learning. The performance of tools like GitHub Copilot received
considerable attention in the early days of the “GenAl hype” due to their abilities
in solving, say, almost half of the problems stated in a CS1 course on the first
try, as reported by Deny et al. [5]. Since then, programming benchmarking has
shifted from solving simple tasks, e.g., from the Mostly Basic Python Problems
Dataset [1] to more challenging problem statements, e.g., from platforms such as
LeetCode [16]. AetherCode [24] is a particularly challenging benchmark, sourcing
problems from prestigious competitive programming competitions, such as the
Olympiad in Informatics and the International Collegiate Programming Contest.

While we also applied LLMs within the domain of CS, we considered problem
statements from Theory of Computing, which lies at the intersection of CS and
discrete mathematics. By now, there is a rich literature on the performance of
LLMs on different math problems. These works often use established datasets
such as GSMS8K [4] or MATH [15]. Similar to programming benchmarks, one
source of problem statements are math (and physics) olympiads, such as with
OlympiadBench [14] or OlymMATH [22]. Math Arena evaluates the performance
of different models “on the latest math competitions and olympiads” [2]. Zhang et
al.! introduced “a curated dataset of 4,550 questions and their solutions spanning
exams and assignments from all courses that form the curriculum for MIT’s Mathe-
matics and Electrical Engineering and Computer Science majors” [25]. Employing
sophisticated prompt engineering, GPT-4 remarkably achieved “a perfect solve
rate” [25] working on a test set (not containing image-based problem statements).

Our goal was to directly compare the performance of LLMs to that of humans,
which is somewhat in the spirit of the original benchmark of all Al: the seminal
Turing test [23]. As mentioned above, the results presented in this article were
obtained under conditions that are as authentic as possible. In particular, GPT-

!The most recent version of the paper is withdrawn due to not receiving “permission to release
the data or model fine-tuned on the data””



generated solutions were graded by TAs who were unaware of this fact—and who
had no reason to believe that LLMs were involved in any way.

A similar approach was followed by Richards et al. [19], who received passing
scores with GPT-generated solutions to undergraduate end-of-module assessments
of different CS modules; the LLM performed much worse on postgraduate material.
Staff graded the solutions as part of a “quality assurance” marking exercise and
were given five GPT-generated solutions alongside ten student-generated ones.
As in our setting, the markers were not aware that artificially generated solutions
would be included in their workload. However, due to the much higher ratio of
artificial solutions to student solutions, combined with the fact that the exams
were solved remotely, the graders collectively flagged all artificial solutions as
suspicious. In our case, no such suspicions were raised.

The setting explored by Ding et al. [6] is also rather close to ours; in their work,
take-home assignments from an undergraduate Algorithms course were solved by
two GPT-based models (GPT-40 and ol-preview), and these solutions were then
blindly graded by the teaching staff. Problems required combinatorial proofs, such
as computing the number of distinct spanning trees in a given complete graph. Their
findings include that ol-preview consistently outperformed GPT-40, and while the
latter did not receive a passing score, the former did—even obtaining 92% of the
points. Moreover, GPT-40 provided many more unjustified / misleading claims
in its reasoning. One key difference from our work is that they used take-home
assignments while we use on-campus exams.

Also related to our work is the research by Li et al. [17], which investigates how
well then-current GPT models were able to solve exam-level CS tasks. Their set of
questions was broader, but did include a number of problem statements regarding
Theory of Computing. They examined in great detail the response quality of the
models when provided with increasingly advanced hints. Their research does not
include, however, a direct comparison to student results.

The work by Golesteanu et al. [10] and Dougherty et al. [7] is perhaps the most
similar to our approach. The authors also analyzed the scores and error types of a
GPT model [10], and compared the scores between two models, one of which was
more advanced [7]. One major difference to our approach is that the points were
assigned with the knowledge that the answers were provided by an LLM.

Chang et al. [3] provide an overview of how LLMs have been evaluated; their
survey covers many more applications than education.

3 Methodology

Our lab teaches an undergraduate Theory of Computing course at ETH Zurich.
This course is mandatory for second-year CS students and a popular elective for



second-year math students. It is taken by around 500 students each year. As part of
this course, students may take a midterm and an end-of-term (final) exam;> both
are pen-and-paper exams, manually graded by the teaching assistants (TAs) of
the course. Each exam lasts 90 minutes, is taken on campus (supervised by the
lecturers and TAs), and no auxiliary materials are permitted.

In the 2025 fall semester, we used two GPT-based models (Azure GPT-40 and
Azure GPT-5) to complete two copies of these exams, both for the midterm and the
final. We proceeded in three steps:

e Step 1. The tasks were supplied to the respective LLLM exactly as stated on
the exam, without providing the models with lecture notes, old exams, or
sample solutions.

e Step 2. We then manually copied (i.e., wrote by hand) the answers onto
regular exam paper and added these copies to the exams completed by the
students for grading. The only change made to the model-provided answers
was to convert the deterministic finite automata, which the LLMs gave as
tables, into the expected graphical form. Due to standard procedure, all
exams, including these copies, were anonymized before the TAs received
them.

e Step 3. The TAs were not informed that LLLM-generated responses were
included among the exams and graded them as part of their regular duties.
Each question was separately graded by a group of TAs; ensuring that each
TA consistently graded the same task across all exams. The authors were not
involved in the grading process of the LLM-generated solutions.

After the grading of the final was completed, the TAs were informed about the
experiment and offered the opportunity to receive detailed information.

IRB approval was granted by the ethics board of ETH Zurich and can be
provided on request.

3.1 Exam Questions

The problem statements in the two exams could be roughly divided into three
categories: MULTIPLE-CHOICE, RECALL, and TRANSFER. In the MULTIPLE-CHOICE category
(questions 2 and 6 in the midterm, questions 2 and 3a in the final), students received

The grading scheme in use grades on a scale from 1 to 6 in steps of 0.25, with 4 being the first
passing grade. In our course, the final grade of a student is the average of the grades of the midterm
and final, rounded to a multiple of 0.25. There is a peculiarity: a student can discard the grade and
instead take a so-called “session exam” that takes place after the end of the course and then gives
the final grade.



1 point for each correct answer, no points for an incorrect answer, and 0.5 points
if the question was left unanswered. As an example, consider question 2a in the
midterm:

Midterm: Question 2a

For each of the following languages, decide whether it is regular or not.

1. L, :={w € {a, b}* | w = xx" for some x € {a, b}*}

2. L, ={x€{0,1,2,3,4,5,6,7,8,9} | xis the
decimal representation of a number divisible by 17}

3. Ly ={a"w|we€{a,b},neNand |w|, =n}

4. Ly ={a"w|w € {a,b}*,n € N\ {0} and |w|, > n}

In the RECALL category, students were essentially asked to reproduce, in one
way or another, information that they had seen explicitly in the lecture (question
5 in the midterm, questions 3b, 3c, and 4 in the final). As an example, consider
question 3c in the final:

Final: Question 3¢

Order the following complexity classes by their known inclusions: P, DLOG,
EXPTIME, NPSPACE, NLOG, NP.

The TRANSFER category contained exercises where students had to apply tech-
niques from the lecture to problems they had not encountered yet (questions 1, 3,
and 4 in the midterm, questions 1, 5, and 6 in the final). As an example, consider
question 4 in the midterm:

Midterm: Question 4

Show that any deterministic finite automaton that recognizes the language

L ={a"bw|n e N,w € {a,b}", w contains

neither the subword aa nor the subword bb }

over the alphabet £ = {a, b} must have at least 5 states.

4 Results

Of the two models, GPT-5 was unsurprisingly more successful in both exams. Its
answers received very high scores, though not resulting in a best grade, while the



Table 1: Number of students compared to which the GPT-models scored worse, equal to, or better
in the two exams, as well as the final grade. The second row contains only the students that also
participated in the final, allowing for a better comparison between the two exams. The same holds
for the final grade. Note that the final grade is less fine-grained than individual points.

GPT-40 GPT-5
better equal worse better equal worse
midterm 6 3 464 367 28 78
midterm* 0 2 427 324 28 77

final exam 64 7 358 335 9 85
final grade 5 10 414 345 51 33

answers by GPT-40 did not receive a passing grade in either exam.

e In the midterm, 473 students participated. GPT-5 reached 31 out of 35 points,
receiving more points than 78% of the students. GPT-40 received 15 points,
beating only 1% of student scores.

e In the final, 429 students participated. GPT-5 reached 29.5 out of 36 points,
again receiving more points than 78% of students. GPT-4o received 17
points, beating 15% of students.

e Over both exams, GPT-5 reached a grade of 5.5, beating 80% of students.
GPT-4o0 received a grade of 3.25, once again beating only 1% of students.

The concrete numbers are shown in detail in Table 1. Comparing the relative
performance of the two models in both exams is complicated by the fact that the
students who chose not to take the final after participating in the midterm were
usually those with weaker scores. If we only consider the students that also took
part in the final, GPT-5 beat only 76% of student scores in the midterm, while
no students performed worse than GPT-40 (row midterm* in Table 1). Thus both
models scored slightly better in the final than the midterm relative to the students.
The individual points are shown in Figure 1.

4.1 Errors Made by Azure GPT-5

The more successful model GPT-5 reached 31 out of 35 points in the midterm,
and 29.5 out of 36 points in the final. The points lost appear to fall into four
broad categories. Note that these error categories are independent of the question
categories described in Section 3.1.
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Figure 1: The performance of both models for both exams. The gray bars indicate how many points
were obtainable for the individual tasks. The horizontal line indicates the average number of points
achieved by students; 4: GPT-40, ®: GPT-5

Background Knowledge. For many concepts covered in a Theory of Computing
course, there are conflicting definitions. Usually, they are equivalent for all intents
and purposes. However, to teach these concepts and argue about them, it is
important to choose one such definition and stick with it.

In our course, we sometimes chose a definition that is not the one usually found
in the literature. Since the GPT model was given the problems without direct
access to the lecture material, its answers were unsurprisingly occasionally based
on other definitions. As an example, consider questions 4a and 4b in the final:

Final: Question 4

Let M = (Q,Z,T,6, 90, Gaccept> Greject) b€ @ 1-tape-TM that always halts with a
space complexity of s(n) for some function s with s(n) > log, n.

(a) Describe the 4 components constituting an inner configuration of M.

(b) Show that there is a constant ¢ such that the number [InConf(7)| of possible
inner configurations of M on instances of length n can be bounded from
above by ¢*™.

These two questions were meant to check knowledge of a specific proof tech-
nique shown in the course. In the course, a 1-tape-TM was defined as a multi-tape-
TM (MTM) with one working tape and an additional separate read-only input tape.
In other literature [21], an MTM is often defined in such a way that the input is
given on the first working tape.



It was obvious that GPT-5 had based its answer on such a model and was
therefore unable to answer satisfactorily. As a consequence, it received 0.5 out of 2
points for question 4a, and 1 out of 3 points for question 4b. A second example is
question la in the final:

Final: Question 1

Consider the language
L. = {Code(M) | M is a TM that accepts at least 3 words} .

(a) Show that L.3 <, Ly by providing an explicit reduction and proving
that your reduction is correct.

Here, Code(M) refers to the encoding of a Turing machine (TM) and <, refers
to a many-one reduction. The answer provided by GPT-5 contained a valid many-
one reduction, but the wrong language Ly. While students were familiar with
Ly denoting the universal language {Code(M)#w | w € L(M)}, GPT-5 apparently
interpreted it as {Code(M) | L(M) # 0}.

Mathematical Notation. We copied the output of GPT-5 as it was provided and
tried not to correct mathematical notation based on our assumptions. Often, the
output of formulae was given in a manner that could not be interpreted by the TAs
as valid. As an example, consider question 3 from the midterm:

Midterm: Question 3

Show that the language
L:={0"170" i, jjkeN,i# jori # kor j # k}

over the alphabet {0, 1} is non-regular.

The answer provided by GPT-5 started from a language denoted by U = 010*
[sic]. This was not standard notation from the course. The proof that followed
was essentially correct under the interpretation of U = {0170 | i, j, k € IN}. As
the model did not define U explicitly as part of its solution, this was not judged as
clear by the grading TA.

Unanswered Questions. As mentioned above, parts of both exams consisted of
multiple-choice questions.
For two of these questions, a significant amount of time after asking them, the



connection to the server was lost and no answer was provided. We tried again in a
new instance with the same result and decided to interpret this as no answer. The
first of these questions was question 2b:

Midterm: Question 2b

Which of the following statements are always true (meaning they hold for all
corresponding languages L), only sometimes true (meaning they hold for some
languages, but not for all), or never true (meaning there are no languages, for
which they hold)?

6. Let Ly, L, C {a, b}" be non-regular, then
L={w|veL,we L)}

is also non-regular.

This statement is sometimes true and sometimes false, though it is slightly
harder to find a pair of languages L; and L, such that it is false. The second such
question was part of a set of simple true/false questions:

Midterm: Question 6

True or false:

2. Let M be a 1-tape-TM with m > 4 states. Then there exists an equivalent
2-tape-TM that only has the states qo, Gaccept> aNd Greject-

The statement was meant to be true, though it may also hinge on the exact
definition of a 1-tape-TM. Thus, this might also be a case of the first type of error
discussed, namely background knowledge.

Question 2a-4 in the Midterm. This single question has to stand in a category
of its own. It was again a simple true/false question, part of a series of questions
where students were asked to decide whether a given language was regular or not.
Students received one point for a correct answer, no points for an incorrect answer,
and 0.5 points for a missing answer.

The question was undoubtedly the hardest question of the exam. Of the 473

students who participated in the midterm, only 58 answered it correctly; and a
further 30 did not answer.



Midterm: Question 2a-4

Is the language L, regular?

Ly ={d"w|wel{a, b} ,neN\{0}and |w|, > n}

The language looks like a classic example of a non-regular language. However,
it is actually regular, since there is no requirement that w has to start with . In fact,
it holds that Ly = {aw | w € {a, b}*, |w|, > 0}, which can be more easily recognized
as regular. This was the only multiple-choice question in both the midterm and the
final that GPT-5 answered incorrectly.

4.2 Errors Made by Azure GPT-40

The errors made by GPT-40 are harder to classify than those made by GPT-5. It
produced quite a large volume of material, much of which was judged by the
grading TAs as more or less meaningless, echoing the findings of Ding et al. [6]
that GPT-40 produces unjustified / misleading claims.

It is perhaps worth noting, however, that both questions for which GPT-5
provided no answer at all were answered incorrectly by GPT-40. While GPT-40
did answer several other multiple-choice questions incorrectly, this may indicate
that these questions were in fact difficult.

5 Discussion

Recall the two research questions we stated in Section 1: (RQ1) how well do LLMs,
without any fine-tuning or special training, perform in Theory of Computing exams;
and (RQ2) whether there are specific types of tasks where LLMs outperform
humans and vice versa.

Regarding RQ1, the answer emerging from our results is that their performance
is relatively good. Since the question asked about the possible performance, the
models should be judged by the more successful of the two. This model, GPT-5,
achieved a very good grade, though not the highest possible. As mentioned above,
it received 31 out of 35 points in the midterm, and 29.5 of 36 points in the final;
and therefore 85% of all available points—corresponding to a grade of 5.5 out of 6.

To answer RQ2, we use the question categories defined in Section 3.1: MULTIPLE-
CHOICE, RECALL, and TRANSFER. We also refer to the specific points for individual
questions shown in Figure 1.

In the MuLTIPLE-CHOICE category (questions 2 and 6 in the midterm, questions
2 and 3a in the final), GPT-5 scored above average in all questions, especially in
the final. In the midterm, it lost points in three of these questions, as discussed in



Section 4.1. GPT-40 was less consistent, scoring above average in some questions
and below average in others.

In the rRECALL category, for most questions, GPT-5 answered perfectly and
GPT-40 answered above-average. The exceptions were questions 4a and 4b in the
final, for which both models received below-average scores. These two errors fall
into the background knowledge category discussed in Sections 4.1 and 4.2.

In the TRANSFER category (questions 1, 3, and 4 in the midterm, questions 1, 5,
and 6 in the final), GPT-5 scored perfectly in four of the questions (questions 1
and 4 in the midterm, questions 5 and 6 in the final) and clearly below average in
the remaining two (question 3 in the midterm, question 1 in the final). Of these
two questions, its performance in question 1 in the final again appears to be due
to missing background knowledge from the course as discussed in Section 4.1.
GPT-40 performed very poorly in this category, reaching a slightly above-average
score in only one question and scoring clearly below average in all others.

In summary, it appears that both models scored poorly relative to human
students in questions where specific knowledge from the course was required (as
opposed to general knowledge of the field). This is to be expected. In addition,
GPT-40 struggled greatly with TRANSFER tasks, constructions, and proofs. However,
GPT-5 in particular performed better than human students in MULTIPLE-CHOICE
questions, though it did not answer perfectly.

This leads to a sobering conclusion: if the goal is to design a question that
GPT-5 cannot answer as well as a student, the solution may not lie in the TRANSFER
category—as might have been suspected some years ago—but in the background
knowledge error category: questions can be made resistant to LLMs by asking
for and building on information that the model simply does not have access to.
However, this could presumably be circumvented by a malicious student with little
effort.

6 Limitations

Our work has certain limitations. Most notably, our dataset consists of only 12
exercises (including sub-exercises). We would also like to emphasize once more
that our goal was to establish a lower bound on LLM performance. As described
in Section 4, it is reasonable to assume that many of the “mistakes” made by
GPT-5 were due to its use of notation different from that introduced in the course
(accounted for under the background knowledge category in Sections 4.1 and 4.2).
A model specifically prompted with, or even trained on, the course material would
presumably perform better.

It should be noted of course that many of the problem statements from both
exams are somewhat standard, and variations surely appear in some training sets.



For instance, there are a few typical non-regular languages to which the pumping
lemma 1s commonly applied. The corresponding non-regularity proofs thus usually
follow a very similar structure and do not contain fundamentally novel techniques.

Due to the large number of students taking the exams, individual questions
were typically graded not by a single person but by a small group of TAs. To
maximize consistency, they worked closely together and discussed any edge cases
among themselves and we have no reason to suspect any systematic differences
between them.

While transcribing the answers of GPT-5, an error occurred. In question 4
of the midterm (see Section 3.1), we erroneously swapped two entries in a table,
which resulted in an initial score of 4 out of 5 points. The error was discovered
later. Since it was clear that the correct entries would have received full marks, we
adjusted the score accordingly. We are confident that this is the only such error that
happened in the entire process.

7 Conclusion and Future Work

We analyzed the performance of GPT-based LLMs in a Theory of Computing
course under realistic conditions. Our results give us good reason to believe that
our findings represent a rather loose lower bound, and that GPT-5 in particular
would be able to obtain an excellent grade if fine-tuned.

In addition, the results obtained by GPT-based models may not be representative
of the broader landscape of LLMs. It might be worth comparing the performance
of other models such as Gemini or DeepSeek. Given the diverse landscape of
LLMs, their respective strengths may also lie in different question types.

Even so, based on the results from this work, a deeper comparison between
multiple-choice and open questions would be of interest. Since GPT-5 did not
answer all multiple-choice questions correctly, specifically exploring this type of
question relative to student performance might be interesting, especially given that
open questions typically demand considerably more effort from students.
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