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Abstract

This research addresses the challenge
of creating effective programming assign-
ments in the era of large language models
(LLMs). Teachers can now use LLMs like
ChatGPT to generate assignments, but
students may also rely on these models to
solve them. To mitigate this, we propose
an Automated Algorithmic Question Gen-
eration (AAQG) method that augments
dataset information to create scenario-
based questions that challenge LLMs.

We introduce two new metrics: Topic In-
tegrity Score (TIS) and Knowledge Simi-
larity (KS). These evaluate the differences
and core knowledge between generated and
original problems. Our experiments us-
ing the LeetCode-sourced TACO dataset
show improvements in TIS by up to 0.167
points and KS by up to 0.084 points over
the baseline. Furthermore, Pass@k eval-
uation demonstrated our method’s effec-
tiveness in disrupting LLM performance,
with GPT-3.5-turbo-0125 experiencing a
42-point drop in Pass@1 and CodeLlama-
13b-Instruct-hf showing a 3.4-point drop in
Pass@1 and a 7.21-point drop in Pass@5.

Keywords: LLM, Programming Education,
Question Generation

1 Introduction

In computer programming education, teachers
typically need to design programming assign-
ments (as shown in table 1) to assist students
in their learning. To improve the efficiency of
assignment creation, teachers often modify ex-
isting past exam questions. However, with the
advancement of large language models (such
as ChatGPT and similar tools), teachers can
combine past exam questions with new ideas

and input them into the model to help gen-
erate new assignments. Nevertheless, when
using large language models to generate pro-
gramming assignments, teachers may face the
following challenges.

• Correctness: The generated problem may
lack a solution due to missing information
or incoherent logic in the prompt. Ad-
ditionally, the generated result might de-
viate from the original topic. For exam-
ple, if the input is a sorting-related prob-
lem, the language model’s output might
reduce the problem to just a general array
concept, straying away from the intended
subject.

• Difficulty: During the learning process,
it is difficult for teachers to prevent stu-
dents from using large language models to
solve their assignments. Therefore, teach-
ers also hope that the problems they gen-
erate will be challenging for the language
model to solve easily.

With the rise of large language models, their
remarkable performance in various natural lan-
guage processing tasks has garnered significant
attention. In recent years, researchers (Austin
et al., 2021; Hendrycks et al., 2021; Li et al.,
2022; Nijkamp et al., 2022; Li et al., 2023a;
Roziere et al., 2023; Li et al., 2023b) have be-
gun focusing on the capabilities of large lan-
guage models in code generation. Since the
development of these models, their ability to
generate code has seen notable improvement,
particularly in solving algorithmic problems,
where they have demonstrated great potential.

However, previous researchers have primar-
ily focused on generating high-quality code
and have yet to explore the generation of pro-
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Question

Count the number of prime numbers less than a non-negative number, n.

Example:
Input:
10
Output:
4

Explanation: There are 4 prime numbers less
than 10, they are 2, 3, 5, 7.

Skill types Data structures, Range queries

Table 1: Example of a Programming Assignment: In the question description, in addition to the question
itself, a set of test data is also included. In this example, the required problem-solving technique involves
data structures and range queries.

gramming problems. Traditionally, program-
ming problems rely on domain experts, such
as teachers, to manually create them, which
is both time-consuming and labor-intensive.
Therefore, we aim to develop an automated
algorithmic problem generation system to pro-
duce high-quality problems.

In practical terms, with the development of
large language models, teachers are facing a
new challenge: students are increasingly using
tools like ChatGPT to complete algorithm as-
signments and write code. Therefore, we aim
to generate problems that can effectively inter-
fere with language models, making it difficult
for them to provide easy solutions.

This study proposes an Automated Algo-
rithmic Question Generation (AAQG) method.
AAQG combines existing problems with their
core problem-solving concepts and uses large
language models to generate new algorithmic
problems that share the same problem-solving
core as the input problem. To evaluate the
quality of the generated problems, we designed
two assessment metrics specifically for algo-
rithmic problems: Topic Integrity Score (TIS)
and Knowledge Similarity (KS). The TIS met-
ric assesses the differences between the gener-
ated and original problems, while the KS met-
ric evaluates the similarity in core concepts be-
tween the generated and original problems.

In our experiments, we used a subset of
the TACO dataset sourced from LeetCode and
evaluated problem quality using our proposed
TIS and KS metrics. We employed the Pass@k
metric from (Chen et al., 2021) to observe

whether large language models showed signs
of interference, resulting in reduced problem-
solving capabilities. The results indicate that
our method improved the TIS score by up
to 0.167 points and the KS score by up to
0.084 points. Furthermore, our method ef-
fectively reduced the language models’ perfor-
mance on Pass@k. When using CodeLlama-
13b-Instruct-hf as the code generation model,
Pass@1 dropped by up to 3.4 points and
Pass@5 decreased by up to 7.21 points. When
using GPT-3.5-turbo-0125, the reduction was
even more significant, with Pass@1 dropping
by up to 42 points.

2 Related Work

In this section, we primarily discuss the details
of how previous researchers have utilized large
language models for code generation.

Code Generation Model In the past, there
have been numerous studies on code genera-
tion, such as (Austin et al., 2021; Hendrycks
et al., 2021; Li et al., 2022; Nijkamp et al.,
2022; Li et al., 2023a; Roziere et al., 2023),
which focus on training new models for the
task of code generation. Among these,
(Roziere et al., 2023) introduced Code Llama,
an open foundational model specifically de-
signed for code generation.

Code Llama is notable for its robust multi-
turn code generation capabilities, which make
it particularly effective at handling complex al-
gorithmic tasks. Built on the latest deep learn-
ing technologies, Code Llama can generate
high-quality code and support a wide range of
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code generation tasks, from simple to complex.
Its open nature provides broad applicability
in the research community and facilitates easy
integration into various programming-related
applications.

In (Li et al., 2022), the focus is on generating
code for competitive programming problems.
The paper introduces AlphaCode, a system
designed to generate high-quality competition-
level code. AlphaCode aims to participate
in programming contests and produce code
that meets competition standards. The au-
thors present the model architecture, train-
ing process, and performance of AlphaCode in
programming contests. Experimental results
demonstrate that AlphaCode excels in gener-
ating code of competitive programming qual-
ity.

Code Generation Dataset In (Li et al.,
2023b), a novel dataset called TACO was in-
troduced for the code generation task. This
dataset includes problems sourced from major
online programming platforms such as Leet-
Code and Codewars, and it also features diffi-
culty levels for the problems. The paper eval-
uates various large language models on this
dataset, with GPT-4 showing the best perfor-
mance, exceeding other large language models
by up to 22.5 points.

Since the TACO dataset provides compre-
hensive information on algorithmic problem
generation, we utilized it for our problem gen-
eration experiments. We also referenced the
comparison subjects from the research to guide
our experiments. For code generation models
in our experiments, we used Code Llama and
GPT.

3 Method
Algorithmic problem generation is an emerg-
ing research field, and as a result, there has
been a lack of robust evaluation methods to
assess the quality of generated problems. This
section will introduce our proposed problem
generation method and the design of auto-
mated metrics to evaluate different aspects of
problem quality.

Therefore, in this section, we will cover:
(1) how our method, Automated Algorithmic
Question Generation (AAQG), automatically
generates algorithmic problems, and (2) how

we validate the quality of the generated prob-
lems.

3.1 AAQG
In this paper, we primarily use existing prob-
lems and their problem-solving techniques as
inputs to automatically generate new prob-
lems related to the input through our auto-
mated process.

Figure 1 presents an overview of the entire
AAQG process. We utilize a large language
model (LLM) to accomplish our generation
task. AAQG is divided into three main compo-
nents: Query Expansion, Retrieve, and Ques-
tion Generation.

3.1.1 Query Expansion
In this section, we use large language mod-
els to expand the input problems and their
problem-solving techniques through prompt-
ing. This process is mainly divided into Ques-
tion Expansion and Skill Type Expansion, as
illustrated in Figure 2.

Question Expansion Since the ultimate goal
is to generate new problems related to the in-
put problem, we first input the problem into
the LLM for data expansion. The LLM gener-
ates application scenarios related to the prob-
lem, including a ”title” and ”description.” This
approach aims to provide context for the sub-
sequent problem generation, making the gener-
ated problems richer and more contextualized.

Skill Type Expansion Since the problem-
solving techniques in the dataset are often
broad topics, such as data structures or dy-
namic programming, we aim to make the gen-
erated problems more focused. To achieve
this, we input the problem and its associated
techniques into the LLM. The LLM then sup-
plements this information by identifying ad-
ditional problem-solving techniques involved
or specifying subtopics within the given tech-
nique, and describes the relevant problem-
solving knowledge.

3.1.2 Retrieve
There have many past studies discuss the issue
of hallucinations in large language models. To
ensure that the generated problems are more
realistic, we use the ”title” from the applica-
tion scenarios generated by the LLM as input
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Figure 1: Overview of Methodology

Figure 2: Query expansion

to retrieve the most relevant article. The goal
is to make the content more grounded in re-
ality. We use Google News as the retriever
database to obtain a news article related to
the problem, which serves as a reference for
the subsequent problem generation.

3.1.3 Question Generation
In this section, we use the problems from the
dataset, previously generated application sce-
narios, skill type detail, and a context informa-
tion as inputs. We then employ the LLM to
generate problems related to these inputs and
create test data for the problems, as illustrated
in Figure 4.

In the question generation phase, we use a
two-stage generation approach. The first stage
focuses on generating the questions, while
the second stage is responsible for generating
the test data for the questions. This two-
stage approach is employed because generat-
ing both questions and test data simultane-
ously might distract the model from the cur-
rent task, potentially leading to incoherent

test data. Therefore, we choose to separate
the generation of questions and test data.

Since subsequent validation will be con-
ducted using unit tests, the LLM generates
test data focusing on the following aspects:
baseline testing, boundary testing, and ran-
dom testing. As the generated problems do
not currently account for execution time or
memory requirements, stress testing is not
specifically included in the test data genera-
tion. Ultimately, this process generates 3 to
10 test cases, with at least one test case for
each of the baseline, boundary, and random
tests.

3.2 Token Score For Question Generation

This section introduces the two evaluation
metrics, Topic Integrity Score and Knowledge
Similarity. These metrics assess the similar-
ity between the generated problem and the
original input problem in terms of their core
problem-solving concepts.
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Figure 3: Retrieve

Figure 4: Query generation

3.2.1 Topic Integrity Score
Topic Integrity Score (TIS) is a comprehensive
evaluation metric used to calculate the lexical
and intrinsic differences between the generated
problem and the original problem. Its goal is
to ensure that the generated problem retains
core similarity to the original problem while
maximizing differences in wording, as shown in
Formula 1.If the generated problem is identical
to the original problem, the TIS score will be
0. This is because we aim for significant lexical
differences between the generated problem and
the original problem, while still maintaining
similarity in core content.The TIS score ranges
from 0 to 1.

TIS =

{
0 if SQ = 1
1−SQ+DQ

2 otherwise
(1)

In the formula 2, qo represents the original
input problem, while qg denotes the generated
problem. The score DQ reflects the similar-
ity of the intrinsic core between the generated

problem and the original problem, specifically
the dense score of the two problems, calculated
using cosine similarity.

DQ =
q⃗o · q⃗g
|q⃗o||q⃗g|

(2)

In the formula 3, SQ represents the lexical
similarity between the original input problem
and the generated problem, specifically the
sparse score of the two problems. This is based
on the ROUGE-L score from (Lin, 2004), with
Formulas 4 and 5 corresponding to the recall
and precision scores, respectively.

SQ =
(1 + β)2RLCSPLCS

RLCS + β2PLCS
(3)

RLCS =
LCS(qo, qg)

len(qo)
(4)

PLCS =
LCS(qo, qg)

len(qg)
(5)
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3.2.2 Knowledge Similarity
Knowledge Similarity (KS) is an evaluation
metric designed to calculate the similarity of
problem-solving knowledge between the gen-
erated problem and the original problem, as
shown in Formula 6.The KS score ranges from
0 to 1.

KS =
1 + w × SK +DK

2 + w
(6)

In Formula 7, ko refers to the detailed
problem-solving knowledge obtained from the
skill type expansion of the original problem,
while kg represents the problem-solving knowl-
edge details generated directly by the LLM us-
ing the same prompt as in the skill type expan-
sion. The DK score aims to measure the in-
ternal similarity of the problem-solving knowl-
edge between the two, specifically the dense
score of the knowledge, calculated using cosine
similarity.

DK =
k⃗o · k⃗g
|k⃗o||k⃗g|

(7)

Given the extensive specialized knowledge
involved in the algorithm domain, we also con-
sider the sparse score SK between ko and kg, as
shown in Formula 8. In the formula , w repre-
sents the proportion of the sparse score to be
considered, with w ranging between 0 and 1.
Since the results of each generation may vary,
we place more emphasis on the dense score.

SK =
(1 + β)2RLCSPLCS

RLCS + β2PLCS
(8)

RLCS =
LCS(ko, kg)

len(ko)
(9)

PLCS =
LCS(ko, kg)

len(kg)
(10)

4 Experiment
In this section, we will introduce the dataset
we used, the experimental setup details, the
evaluation metrics, and the experimental re-
sults.

4.1 Dataset
Our experiments primarily utilized data from
the TACO dataset, specifically focusing on
problems sourced from LeetCode. The TACO

dataset comprises problems from various plat-
forms, each with its own unique difficulty def-
initions. To ensure the clarity and relevance
of our experimental results, we chose to use
data exclusively from LeetCode, categorized
into three difficulty levels: Easy, Medium, and
Medium_Hard, totaling 646 records. The de-
tailed distribution is shown in table 2, which
outlines the 646 problems divided into Easy,
Medium, and Medium_Hard difficulty levels.

LeetCode Easy Medium Medium_Hard
# of Questions 124 276 246

Table 2: The distribution of data from Leet-
Code within the TACO dataset, where the dif-
ficulty levels are limited to Easy, Medium, and
Medium_Hard.

4.2 Implementation Details
In this section, we will provide a comprehen-
sive description of the language models used
and the code generation models employed for
validation.

4.2.1 The Employed LLMs
• AAQG Model we use the GPT-3.5-turbo-

0125 model developed by the OpenAI
team. We access the model via API, set
the temperature to 0.5, and utilize the
function calling approach during opera-
tion.

• Code Generation Model we tested with
the GPT-3.5-turbo-0125 model devel-
oped by OpenAI and the CodeLlama-
13b-Instruct-hf model provided by Meta.
The CodeLlama-13b-Instruct-hf model
was downloaded and used through the
Hugging Face platform.

• GPT-3.5-turbo-0125: We use the default
temperature setting to generate code and
unit test snippets.

• CodeLlama-13b-Instruct-hf: We set the
temperature to 0.9 and top_p to 0.95 for
generating code and unit test snippets.

4.3 Automatic Metric
We use our proposed TIS and KS metrics, as
well as the pass@k metric introduced by (Chen
et al., 2021), as evaluation indicators.
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• TIS: This evaluation metric is used to as-
sess the diversity of the generated ques-
tions in terms of format and their consis-
tency in content.

• KS: This evaluation metric is used to
assess the similarity in problem-solving
knowledge between the generated ques-
tions and the original problems.

• Pass@k: This metric calculates the proba-
bility of the LLM correctly answering the
questions.

4.3.1 Embeding Model
In the scoring metrics, TIS and KS, the score
D involves converting sentences into embed-
dings and calculating their similarity. For the
embedding conversion, we use the BGE-M3
model proposed by (Multi-Granularity), which
demonstrates excellent performance in similar-
ity scoring.

4.3.2 Baselines
In the experiments on question generation,
there are two main parts.

• Differences Between LLM-Generated
Questions and Original Questions: Since
there is no existing research focused on
problem generation in the algorithm
domain, we use a direct approach
where problems are input into the LLM,
and problems are generated through
prompting as our baseline.

• Impact on Language Model Answering
Capabilities: In this experiment, we use
problems from the TACO dataset as in-
put for the language model to generate
code, which serves as our baseline.

4.4 Experimental results

In this section, we primarily discuss two ex-
periments: 1. The experiment on the differ-
ences between the LLM-Generated questions
and the original questions. 2. The experiment
on the impact of generated questions on the
language model’s answering capabilities.

4.4.1 Differences Between LLM-Generated
Problems and Original Problems

In table 3, we present experiments conducted
across three difficulty levels: Easy Medium
and Medium_Hard.

The experimental data indicates that when
problems are directly generated by the LLM,
the TIS score is consistently 0. According to
Formula 1, this implies that the sparse score
of the generated problems is identical to that
of the input problems, meaning that the gen-
erated problems are identical to the original
ones. We speculate that this phenomenon may
be due to the dominant influence of the in-
put problems in the prompt, which causes the
model to generate problems that are identical
to the input ones.

We also compared the AAQG method with
different configurations of AAQG, including
settings without Skill Type Expansion and Re-
trieve. The experimental data shows that, al-
though the TIS score for AAQG is 0.002 points
lower than the configuration without the Re-
trieve component in the Medium difficulty
level, the KS score is higher by 0.068 points.
Thus, the AAQG method demonstrates the
best overall performance.

The experiments also show that removing
the Skill Type Expansion step leads to a sig-
nificant decrease in both TIS and KS scores,
with the KS score dropping by as much as
0.073 points. Therefore, Skill Type Expansion
is crucial in the AAQG method for maintain-
ing the quality of the generated questions.

4.4.2 Impact on Language Model Answering
Capabilities

In table 4, it is evident that the AAQG method
results in a significant decrease in pass@1 and
pass@5 scores, regardless of whether GPT-
3.5-turbo-0125 or CodeLlama-13b-Instruct-hf
models are used. This indicates that the
AAQG method can effectively disrupt the per-
formance of large language models. Notably,
when using GPT-3.5-turbo-0125, the pass@1
score decreased by as much as 42 points.

The table also shows that as the difficulty
level increases, the proportion of decline in
pass scores decreases. This indicates that
packaging simpler problems tends to be more
effective, as harder problems are inherently
more challenging for LLMs to solve. Conse-
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Difficulty Easy Medium Medium_Hard
TIS(↑) KS(↑) TIS(↑) KS(↑) TIS(↑) KS(↑)

Baseline 0 0.761 0 0.735 0 0.74
AAQG 0.667 0.821 0.662 0.822 0.662 0.824
w/o Skill Type Expansion 0.655 0.752 0.656 0.749 0.656 0.758
w/o Retrieve 0.661 0.751 0.664 0.754 0.661 0.757

Table 3: For evaluating problem quality, the performance of the AAQG method is compared with the
baseline and variations of the AAQG method where different components are removed, across different
difficulty levels of generated problems.

Method Model Easy Medium Medium_Hard
Pass@1(↓) Pass@5(↓) Pass@1(↓) Pass@5(↓) Pass@1(↓) Pass@5(↓)

Baseline GPT-3.5-turbo-0125 64 - 32 - 36 -
AAQG GPT-3.5-turbo-0125 22 - 25 - 28 -
Baseline CodeLlama-13b-Instruct-hf 5.4 13.89 4.8 14.21 1.8 8.11
AAQG CodeLlama-13b-Instruct-hf 2.0 8.67 1.4 7.0 1.2 5.56

Table 4: The performance of code generation pass rates across different models and difficulty levels.

quently, packaging higher-difficulty problems
results in less noticeable improvements.

5 Conclusion

we are the first to explore the task of algo-
rithmic problem generation. We introduced
the Automated Algorithmic Question Gener-
ation (AAQG) method, which effectively en-
hances the efficiency of algorithm problem
creation. Our experiments demonstrate that
problems generated using AAQG can signifi-
cantly disrupt the code generation capabilities
of large language models. Specifically, under
the GPT-3.5-turbo-0125 setting, the pass@1
performance decreased by up to 42 points,
while in the CodeLlama-13b-Instruct-hf set-
ting, pass@1 dropped by up to 3.4 points and
pass@5 decreased by up to 7.21 points.

We also introduced two novel automated
evaluation metrics for assessing the quality of
generated problems. These metrics demon-
strate that problems generated using the
AAQG method can maintain the same core
essence as the input problems while exhibiting
variations.
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A Data
The TACO(Li et al., 2023b) dataset, which
stands for Topics in Algorithmic COde gener-
ation, is primarily designed for the code gen-
eration task. This dataset collects problems
from various coding platforms such as Leet-
Code, Codewars, etc. The distribution of the
dataset is shown in table 5 . We believe that
its rich data is also well-suited for the task of
algorithmic problem generation.

Dataset Train Test All
# of Questions 25443 1000 26443

Table 5: This is the data distribution of the TACO
dataset.

Table 6 lists the data distribution across
all platforms in the TACO dataset, excluding
records where the skill_types field is empty,
the solution is empty, or the difficulty is la-
beled as UNKNOWN_DIFFICULTY.

Source Train Test All Filiter
codeforces 8193 576 8769 4264
aizu 2151 0 2151 0
geeksforgeeks 2680 0 2680 1965
codewars 2460 55 2515 646
kattis 1236 0 1236 0
codechef 3352 278 3630 1268
hackerearth 2390 45 2435 229
atcoder 1440 0 1440 0
leetcode 777 0 777 646
hackerrank 764 46 810 261

Table 6: This Table lists the data distribution for
each platform in the TACO dataset.

B Code Generation Detail

Figure 5: Interpretation of input in LLM: In the
same input, the LLM may interpret the data differ-
ently, leading to variations in syntax in the output.

During the code generation process, we also
use prompting to have the model generate unit
test snippets. These snippets are used to guide
the model on how to apply the inputs to the
generated functions. In this stage of data pro-
cessing, special cases such as spaces in test
data may lead to different interpretations by
the model, requiring various data processing
methods.

As shown in Figure 5, the LLM may inter-
pret the same input in two different ways, lead-
ing to variations in the generated code based
on its interpretation. The LLM will process
the input according to the format it has inter-
preted. Therefore, we need to ask the LLM to
specify the format of the input that should be
provided to its function.

C Pass Rate

As shown in formula eq. (11), where m repre-
sents all questions, n indicates the number of
attempts the LLM makes to generate code for
a single question, and c represents the number
of code snippets among these n that pass the
unit tests, i.e., the number of correct snippets
out of n.

In this formula, when n = 1, it directly con-
siders the total number of correct answers. For
n > 1, it calculates the probability of getting
at least one correct answer out of n attempts.

pass@k = 1−
(
n−c
k

)
(
n
k

) (11)

When using the GPT-3.5-turbo-0125 model,
due to cost considerations, it was only run once
per attempt, while other models were allowed
10 attempts.
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D Ablation Study
D.1 Impact on Language Model Answering

Capabilities
In table 7, we used GPT-3.5-turbo-0125 as our
code generation model and employed pass@1
as the evaluation metric. We compared differ-
ent settings of AAQG with the baseline. The
results show a significant decrease in scores
for AAQG settings compared to the base-
line. Among the various settings, the ”with-
out Skill Type Expansion” configuration per-
formed best in the Medium_Hard difficulty
level, surpassing AAQG by 4 points. How-
ever, considering all three difficulty levels,
AAQG still demonstrates the best overall per-
formance.

We also observed that in the absence of the
retrieve component, the average score across
all difficulty levels decreased by 7 points. This
indicates that additional relevant articles serve
effectively as interference noise in the LLM
and can significantly impact the model’s abil-
ity to generate correct answers.

In tables 8 to 10, we use the same set-
tings as in table 7 but replace the code gen-
eration model with CodeLlama-13b-Instruct-
hf. This table shows that under different set-
tings of AAQG, there is a noticeable decrease
in pass@1 and pass@5 scores compared to the
baseline.

In the Easy and Medium difficulty levels, as
shown in tables 8 and 9, although the perfor-
mance in pass@1 and pass@5 is best without
Retrieve, the pass@10 scores drop to 55.56%
of the original baseline. This suggests that in
this setting, the decline in LLM’s answering
ability may not be due to increased difficulty,
but rather due to a lack of sufficient informa-
tion in most of the generated problems, mak-
ing many of them unsolvable. This indicates
that relying solely on LLM-generated applica-
tion scenarios can lead to information gaps, re-
sulting in incomplete and unsolvable problems.
Therefore, it is crucial to use reference articles
to assist in problem generation.

In Medium_Hard difficulty problems, as
shown in table 10, although the model per-
forms best without using Retrieve, achieving
results equivalent to the baseline, the pass@1
and pass@5 scores show an increase compared
to the baseline. This indicates that while ref-

erence articles can provide complete informa-
tion to aid in problem generation, this step
may also introduce noise, which can lead to a
decline in the LLM’s answering ability.

Across all three difficulty levels, it is evi-
dent that the complete AAQG setup yields
the best overall performance. With only a
slight decrease in pass@10 scores, AAQG effec-
tively reduces pass@1 and pass@5 scores. This
indicates that problems generated using the
AAQG method can significantly interfere with
the language model’s answering ability.
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Method Easy Medium Medium_Hard
Baseline 64 32 36
AAQG 22 25 28
w/o Skill Type Expansion 38 32 24
w/o Retrieve 34 36 26

Table 7: For different difficulty levels and methods, we use the GPT-3.5-turbo-0125 model and employ
pass@1 as the evaluation metric to measure the pass rate performance of the generated problems.

Method Easy
Pass@1 (↓) Pass@5 (↓) Pass@10 (↑)

Baseline 5.40 13.89 18.0
AAQG 2.0 (-62.96%) 8.67 (-37.58%) 14.0 (-22.22%)
w/o Skill Type Expansion 2.6 (-51.85%) 9.5 (-31.61%) 14.0 (-22.22%)
w/o Retrieve 0.8 (-85.19%) 4.0 (-71.2%) 8.0 (-55.56%)

Table 8: For the Easy difficulty level, we evaluated the model’s pass rate performance using different
methods. We employed the CodeLlama-13b-Instruct-hf model and used pass@k as the evaluation metric
to measure the impact of generated problems on the model’s pass rate. The numbers in parentheses next
to the pass@k scores indicate the percentage decrease in performance compared to the baseline.

Method Medium
Pass@1 (↓) Pass@5 (↓) Pass@10 (↑)

Baseline 4.80 14.21 20.0
AAQG 1.4 (-70.83%) 7.0 (-50.74%) 14.0 (-30%)
w/o Skill Type Expansion 1.6 (-66.67%) 7.54 (-46.8%) 14.0 (-30%)
w/o Retrieve 1.2 (-75%) 6.0 (-57.78%) 12.0 (-40%)

Table 9: For the Medium difficulty level, we evaluated the model’s pass rate performance using different
methods. We employed the CodeLlama-13b-Instruct-hf model and used pass@k as the evaluation metric
to measure the impact of generated problems on the model’s pass rate. The numbers in parentheses next
to the pass@k scores indicate the percentage decrease in performance compared to the baseline.

Method Medium_Hard
Pass@1 (↓) Pass@5 (↓) Pass@10 (↑)

Baseline 1.80 8.11 14.0
AAQG 1.2 (-33.33%) 5.56 (-31.44%) 10.0 (-28.57%)
w/o Skill Type Expansion 1.6 (-11.11%) 6.39 (-21.21%) 10.0 (-28.57%)
w/o Retrieve 2.0 (+11.11%) 8.67 (+6.91%) 14.0 (0%)

Table 10: For the Medium_Hard difficulty level, we evaluated the model’s pass rate performance using
different methods. We employed the CodeLlama-13b-Instruct-hf model and used pass@k as the evaluation
metric to measure the impact of generated problems on the model’s pass rate. The numbers in parentheses
next to the pass@k scores indicate the percentage decrease in performance compared to the baseline.
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