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Abstract

Recent advances in artificial intelligence have affected almost every area of our daily lives. These
advances help various processes to be more productive, efficient, and cost-reducing. However, are
these advances always beneficial? Is the increasing availability of artificial intelligence models that
can more accurately find answers and solve problems than ever before helpful for today’s students?
This paper will describe the recent advances in artificial intelligence and analyze how it affects
students and teachers in educational settings, specifically in mathematics.

1 Introduction

The rapid growth of Artificial Intelligence applications in recent years has had a massive effect on
the daily lives of individuals, including students and teachers. These applications give rise to more
creative, innovative thinking and more direct and applicable help, which helps students get much more
individualized assistance. However, these capabilities could be just as harmful as they are beneficial.
This paper aims to analyze the balance between the benefits and harms of Al for teachers, professors,
and developers while considering how to address this rapidly growing field.

I chose this topic for this paper because it is valuable for all researchers and developers to analyze
the impact of their work to ensure it supports the common good and is ethically beneficial for society.
As I continue my education into graduate school to obtain my PhD in a related field to this paper, it
is essential to develop an appropriate understanding of the ethical impacts of my work and how I can
enhance the common good.

1.1 What is AI?

Before we can analyze the effects of artificial intelligence, it is essential to understand what it is. While
AT can be difficult to define, it is generally agreed that Al is a process of producing or mimicking
human intelligence in machines or computers. There are various fields and applications of Al, including
knowledge representation, heuristic search, planning, expert systems, machine vision, machine learning,
natural language processing, software agents, intelligent tutoring systems, and robotics [FR14]. While
all of these fields are relevant in math education today, this paper will only address the effects of the
fields of natural language processing and robotics.

Natural Language Processing (NLP) is a subfield of AI that includes understanding and generating
natural language. Today, NLP models can be found everywhere, but the most popular form of NLP
is through transformer-based large language models such as ChatGPT. Recent developments in this
subfield affecting math education include tutor assistants, math problem solvers, and more.

Robotics has historically been a subfield of mechanical engineering. However, today, the use of
Artificial Intelligence within robotics has created a significant overlap between the two fields. It
has allowed students to use robots in educational settings to apply mathematical and engineering
knowledge. This paper specifically talks about these two fields because these are the most popular
ways Al is used in math education settings. Robots used to be the most common use of Al in
mathematics classroom settings; however, natural language processing tools have since taken the lead
and look to continue pushing ahead.



2 Historical Developments of Artificial Intelligence

Artificial Intelligence is not a recent invention by any means. The term Artificial Intelligence comes
from the 1956 Dartmouth conference, where John McCarthy and his team of Marvin Minsky, Herbert
Simon, Allen Newell, and others came together to share ideas and solve Al. However, McCarthy and
his colleagues quickly discovered the difficulties of Al development. Not much was gained from the
Dartmouth conference besides creating the name Artificial Intelligence, which is still a name that some
experts in the field do not enjoy. However, now Artificial Intelligence was an official field in computer
science, marking the start of the golden age of Al

2.1 The Golden Age

The golden age of Al saw many attempts at problem solvers that were quite good in comparison to
the computing power of that age. One of the first significant developments during the golden age
was the General Problem Solver, or GPS, created by Herbert Simon, John Clark Shaw, and Allen
Newell in 1959. This general problem solver was created to mimic human problem-solving. The
program demonstrated abilities of memory, organization, and planning [NSS59]. Another significant
development that came from the golden age of Al was Eliza. Eliza was a natural language processing
program created by Joseph Weizenbaum that attempted to imitate conversations with humans by
identifying keywords in the input text and providing a pre-created output text [Wei66]. A third
significant development of Artificial Intelligence during the golden age was the SHRDLU system in
1971. The SHRDLU was one of the most acclaimed systems of the golden age, as it demonstrated
novice problem-solving and natural language understanding. Other significant developments of the
golden age include an expert system called MYCIN, created in Stanford’s Lab in the 1970s, intending
to be a doctor’s assistant and actually could outperform humans in essential problems; the R1/XCON
system was another ATl system that saved it’s company around 40 million dollars in the early 70’s, and
the DENDRAL project was the first large-scale program to explore automation of the acquisition of
task-specific knowledge in the field of organic chemistry.

Despite these great successes in a newly developing field, these systems had many limitations. They
often had very specific domain knowledge and zero capabilities outside of their field. Although these
systems were impressive, they fell short of expectations of the time, which led to an ” AT winter,” which
limited funding in the field and decreased the amount of growth seen.

2.2 Al beats humans

It wasn’t long after the birth of Artificial Intelligence that it started surpassing humans in various
activities. The first area where Al became superior to human performance was checkers. In 1959,
Arthur Samuel created the first machine-learning algorithm through his checker-playing program. It
took just a couple of months after making his program for it to be so good that Samuel could not beat
it anymore [Samb9]. The success of Al in checkers was impactful but didn’t take many by surprise;
after all, checkers is a reasonably easy game with a limited number of move possibilities, making it
manageable to master. The first big success of Al over humans came in 1997, when IBM’s Deep Blue
beat the world champion, Gary Kasparov, in a six-game match. Chess was a more complicated game
to master, and at the time, it was understood to require large amounts of intelligence. Deep Blue beat
Kasparov using a traditional Al game-playing algorithm, a game tree with various search algorithms,
and a complex evaluation function [CHJHO02]. This win was the first time people considered machines
to have human-like intelligence. That same year, Al again showed its superiority over humans, this
time in mathematics. Before 1997, the Robbins conjecture was a famously complex math problem,
unsolved by mathematicians for over 50 years. Still, an Artificial Intelligence automatic theorem
prover called Equational Prover, or EQP, successfully proved this theorem, already showing some
significant advantages of artificial intelligence in mathematics [McC97]. In 2011, IBM saw another big
success with their artificial intelligence systems when Watson, their Al system built to answer jeopardy
questions, outperformed the best in the world on the nationally televised show Jeopardy. Watson used a
natural language processing algorithm to query 200 million content pages while replying appropriately.
One of the biggest wins of artificial intelligence came in 2015 when Google’s AlphaGo beat the best
Go player in the world using artificial neural networks. This win was so impactful because Go is a
very complex game, with over 250 possible moves from an average board position, and it is nearly



impossible to create an evaluation function because of its complex nature. The best humans have
to rely on intuition to play the game. Using deep Q learning, AlphaGo not only managed to win
against the world champion, but it played so well it taught players new moves that were so advanced
competitors thought they were mistakes at the time of play [M119]. The DeepMind team at Google
continued to do impressive work as they developed a more general player called AlphaZero. AlphaZero
learned to play a number of different Atari games and performed at super-human levels in many of
them. AlphaZero’s capability of winning a number of games was the first time neural networks were
able to be used in multiple games, demonstrating increased generality and the large potential for
further growth.

Again, we see many successes in the field of Al as Al is developing at a rapid pace. However, these
successes are still limited. These Al systems are called Narrow Al systems, meaning they are only
good at one specialized task and fail to be successful outside of their trained domain. For example,
even though Deep Blue could beat the greatest in the world in chess, it could not even finish a game
of checkers. Additionally, even small changes to the trained domains of the agents substantially lower
their performance. For example, DeepMinds AlphaZero can play pong at a super-human level, but as
soon as the paddle is raised by just one pixel, the performance goes down to worse than that of the
average human. This lack of generality made it nearly impossible for these programs to be helpful in
constantly changing classroom-based settings.

2.3 The Rise of Transformer based LLMs

Google’s introduction of the transformer in 2017 was possibly the biggest step in making AI more
generalized in its history. The transformer is a type of deep neural network that uses forms of multi-
headed attention to process input sequences in parallel, thus becoming significantly more efficient than
the previous Recurrent Neural Network-based models [VSP*17]. This new transformer architecture
could then be used as the base of new large language models that are significantly more accurate and
effective than before.

Large-language models are algorithms that take a sequence of input words (today translated into
word vectors, thanks to Google’s Word2Vec) and predict an output based on training data. LLMs
have existed since 1948 when Shannon used the Markov chain framework to create an n-gram large
language model, but today’s transformer-based LLMs are significantly more advanced. In addition,
the availability of the worldwide web content provides more extensive training data for these large
language models than ever before.

The first global success of a transformer-based LLM came from OpenAIl’s ChatGPT, released in
2022. This model could converse with humans just as another human would. It could answer questions
on a wide range of topics and speak in better English than most native English speakers. Since the
release of ChatGPT, these models have found their way into the lives of almost everyone in the digital
world. Businesses use these AI models to help chat with customers; computer scientists can use them
to help them with their projects, they can create poetry, new songs, and music, and most importantly
for this paper, these AT models can complete students’ homework, help students study for exams, and
even grade papers.

2.4 LLMs solving math

Although these models are extremely powerful, many aspects of them still cause them to struggle with
math problems. For example, these models use probabilities to determine outputs to create unique
responses, but most math problems do not involve any sort of probability or change in answers. This
causes decreases in accuracy on top of their already low accuracy. As models continue to get larger
and better, they naturally become better at solving math equations. For example, GPT-4 solved math
word problems from a common algebra dataset with nearly 35 percent higher accuracy than GPT-3.5.
[AAAT23]. However, other ways exist to improve performance without larger and more advanced
models.

Researchers have also developed more advanced ways to use these Al models to solve math problems
through prompt engineering to increase accuracy. A simple yet effective version of this is called Chain
of Thought (CoT) prompting, which asks the large language model to explain its thoughts while
solving a math problem [WWS¥22]. This process is similar to how students can more accurately
solve math problems when they reason through them. It is also beneficial for students because the



provided explanation helps students understand how the math problem is being solved. Another
popular technique used to increase accuracy is few-shot prompting. This technique gives the model a
few examples of similar problems being solved before asking the model to solve the problem. This idea
is similar to how students are provided examples of how problems are solved before being asked to
solve a problem themselves [BMR20]. There are numerous other techniques used to increase accuracy
such as self-consistency, asking the same question repeatedly then finding the mode of those answers
[WWS*23], decomposition, asking the LLM to simplify the problem into parts before re-asking the
model to solve [KTFT23], progressive-rectification prompting introduced in a paper called ”Get an A in
Math...” due to 90 percent accuracies in elementary level questions, which checks answers by re-asking
the LLM the same question with a different value removed from the equation [WJS24], or even my
own method developed that I developed recently that prompts the LLM to estimate the correct answer
and then compares that answer to an answer generated by a symbolic solver. This new method, which
I call Estimation Verification of Symbolic Solving, or EVoSS, produced accuracies averaging almost 90
percent on math word problem datasets that contain questions around the 8th-grade level [PWKK25].

As these solvers become more advanced at rapid speeds, they will soon be able to solve math
problems at higher educational levels, becoming applicable and usable at all levels. This introduces
many critical ethical questions: Do these solvers support or add to the common good? Do they
help students more or hurt students more? How can educators use these tools to their advantage by
providing students with easier-to-access help? These questions must be answered before these models
become too integrated into students’ lives.

2.5 AI Robots in Math

Another very popular and potentially less controversial field of Artificial Intelligence in mathematics
education is robotics [bMHbST22]. AI robots are the most popular way Al is used in classroom
settings outside natural language processing Al tools. Robotics in math provides a clear and fun
way for students to apply their knowledge in the real world; also, because they provide interactive
feedback, using robotics helps students advance their reasoning abilities. Teachers have been able to
use the programming of robots within classrooms to teach or apply mathematical concepts [CF21].
Robots are an excellent way of answering a common question in today’s math classes; ”When am I
ever going to need to know this outside of class?” The advances in artificial intelligence have led to
robots being more versatile and being used in a new variety of ways because robot programming can
be more specific to the topic in class while AI handles the rest of the programming. Additionally,
advancements in Al lead to more complex robots that will further increase students’ attentiveness and
positive emotions.

3 Impacts on Math Education

As mentioned many times in this paper, the use of Al has many potential impacts on math education.
In this section, this paper will divide the good and bad effects before combining them and providing
a final analysis.

3.1 The Pros

There are many pros to using artificial intelligence in classroom settings. For example, Generative Al
tools can excel in providing students with on-demand problem-solving that is specific to their problem.
These tools have also been integrated into tutoring systems that help students solve math problems
without needing a teacher. [AYD25]. These tools do a great job of addressing the stress applied to
teachers in large classrooms of students who cannot get to all the students promptly. One study con-
cludes that Artificial Intelligence makes teaching and learning in math education more effective because
it is exciting and creative and has made it easier for students to understand subjects [bMHbST22].
Another study found that ChatGPT shifted 9th-12th grade students’ attitudes, bolstered interests in
mathematics, and improved perceived self-efficacy. Additionally, scores were clearly improved across
assessments, quizzes, and problem-solving tasks [Pat23]. Overall, it has been found that the use of Al
in classroom settings has a strong connection with an increase in positive academic emotions towards
mathematics [EA23].



There are also numerous unique and beneficial ways students use Al to assist in their learning. For
example, students can use these tools to create study guides for their upcoming exams, grade their
homework assignments before final submission, which provides instant interactive feedback, or plan
when they should study for each class based on their exam schedules. These are just a few examples
that show the broadness of the advantages of these Al tools.

The field of robotics has also found many beneficial ways of improving students’ education. For
example, one study used robots to test and facilitate students’ multiplication skills, which improved
most students’ overall math achievements [HHKvB21]. Another study found that using robots in
classrooms provided a social environment that allowed students to build their mathematical knowledge
and develop their proportional reasoning skills [CF18]. Overall, the rise of Artificial Intelligence has
allowed teachers to use robots in creative and unique ways that help students learn in new settings
and apply their knowledge.

3.2 The Cons

Despite AIl’s numerous positive impacts, negative impacts come along with these new tools as well. One
disadvantage that all teachers know is that generative Al tools such as ChatGPT threaten the integrity
of assignments and online exams. As mentioned numerous times, these Al tools can answer questions
reasonably well, and students can use that to forge their work and create questions of authenticity in
assignments and tests. This is bad for both parties. No teacher wants to read homework assignments
answered by Al, and the students don’t learn anything when AI does the homework for them. Another
disadvantage of using Al is the creation of blind reliance on Al-generated answers. The ease of obtaining
answers limits critical thinking skills. This blind reliance can increase the spread of misinformation and
negatively impact research and education. Another significant negative impact that is considered less
often is the potential biases and ethical implications embedded in the training data. If the data that
is used to train these generative AI models contains underlying biases, it can generate discriminatory
or unfair results [RW23]. Additionally, since these generative Al tools are ’black boxes, ’ it is nearly
impossible to see what they have learned until they are tested sufficiently. However, knowing what
sufficiently means in this scenario is also almost impossible because tiny input changes can sometimes
drastically impact the outputs of these models. This phenomenon is best demonstrated by adversarial
attack examples, where the input to AI models is changed so slightly that they are often unperceivable
to the human eye, yet the output is changed so drastically that it becomes completely unreliable. These
numerous negative impacts of Al could affect students’ mathematical understanding and classroom
performance and their abilities to gather information, think critically, and act responsibly, which will
cause classroom settings to change drastically.

4 Conclusion

While there are positives and negatives to using artificial intelligence in mathematics education, there
appears to be a large amount of support for using Al. This is best demonstrated by a meta-analysis
completed in 2022 that reviewed 21 articles and 30 independent samples on the effects of Al on
elementary students’ mathematics achievement and found 27 of the 30 found an overall positive im-
pact, concluding the use of Al significantly improves elementary students’ mathematical achievements
[Hwa22]. However, this does not mean that the negative impacts should be forgotten about or ignored.
To fully benefit from using Al tools and introducing Al in classrooms while mitigating the negative
consequences, everyone will need to use safe use practices. Developers will need to ensure models are
trained without biases, act predictably, are not not susceptible to adversarial attacks. Teachers will
need to ensure exams cannot be forged by generative Al and find ways to appreciate the use of Al
in assisting students with homework. Then, students must uphold their critical thinking abilities, not
unquestioningly trust generative Al, and maintain integrity in their answers. While these criteria may
seem far-fetched, if they are held, the use of Al in mathematics education can advance the common
good by helping students and teachers in their educational settings.
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