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Abstract

This paper presents an evaluation of Al-assisted human-computer interaction for math-
ematical problem solving within a multimodal mathematical editing environment. The
proposed architecture integrates a visual equation editor, voice-based interaction, REST
communication services, and externally hosted generative Al large language models (LLMs)
to support the creation, interpretation, and solution of mathematical expressions. The study
was conducted using the Equation Wizard environment, which provides multimodal math-
ematical content editing based on both proprietary and standard formula representations,
including MathML and I£TEX. A conversational Al interaction layer enables users to com-
municate with selected LLMs using natural language voice commands. The main objective
of the study was to determine whether contemporary LLM-based services can reliably
support mathematical problem solving within an Al-enhanced equation editing environ-
ment. To address this objective, seven contemporary GenAl LLMs were evaluated using
a benchmark consisting of representative high school mathematics problems covering
algebra, limits, trigonometry, logarithms, inequalities, and parameterized expressions. The
evaluation focused on mathematical correctness, output interpretability and visualization
quality, response latency, and compliance with mathematical encoding formats within the
complete interaction workflow. The study also compares representative model families
with respect to correctness, syntactic compliance, and responsiveness within the complete
interaction workflow. Unlike conventional LLM benchmarks that assess models in isolation,
this work evaluates end-to-end Al-assisted mathematical interaction involving the editor,
communication infrastructure, and language models. The study demonstrates a practical
approach to assessing the usefulness of multimodal Al-enhanced mathematical problem
solving in realistic usage scenarios. The results show that, within the evaluated interaction
workflow, current LLMs achieve high levels of mathematical problem-solving performance,
although substantial differences were observed in response latency and output-format
compliance. An important finding is the discrepancy between the models’ strong semantic
understanding of custom-encoded mathematical input and their weaker ability to generate
syntactically compliant encoded outputs, highlighting a key challenge in the integration of
LLMs with structured mathematical software environments.

Keywords: multimodal formula editing; natural language processing; voice user interface;
large language models (LLMs); Al-assisted mathematical problem solving; performance of
HCI in systems processing mathematical content
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1. Introduction

The rapid expansion of generative Al and large language models (LLMs) observed
in recent years has already changed the way humans interact with computers, search
for knowledge, or seek solutions to problems of any kind. Among the variety of areas
and disciplines, mathematical notation and mathematics problems have always been a
challenge to automated systems such as educational tools or search engines [1,2], and in
the era of LLMs, it is no different [3,4]. Solving mathematics problems and mathematical
formal reasoning remains one of the most challenging to handle with LLMs. Neverthe-
less, the improvement observed in this area over the years has led us to a point where
utilizing LLMs as solvers or educators in mathematics is a fact. Given the expansion, wide
implementation, and high level of integration with classical software tools, the control over
correctness and reliability of answers provided by the models becomes critical. Whenever
it is a student searching assistance with their studies, or an engineer seeking for problem
formalization and solutions, the LLM-based assistants are trusted to deliver correct and
relevant content. Unlike knowledge-seeking outputs, the relevance and correctness of
generated mathematical content often cannot be verified by users on their own or provided
links. Therefore, the more significant it becomes for the experts to monitor, benchmark, and
report on the quality of LLM-generated answers to stated mathematics problems.

In this study, we investigate the performance of selected LLMs on tasks related to
solving mathematics problems of difficulty comparable to those appearing in the Polish
high school final examination (“matura”). The exam includes both basic and advanced
levels, and it provides a useful benchmark for evaluating mathematical reasoning skills
in automated systems. Our goal is to evaluate the practical usefulness of Al-assisted
mathematical problem solving within the Equation Wizard environment, while comparing
the behavior of several representative LLM services integrated into this architecture with
two main criteria: (1) correctness and formal precision of the produced solutions in terms
of required data format, and (2) response time.

To support this analysis, we use a dedicated Windows application Equation Wizard [5].
The software provides a visual interface for displaying and editing mathematical expres-
sions with menus, palettes and keyboard shortcuts. Additionally, users can load formulas in
standard I&TEX, MathML, or in a simplified internal format called EQED. EQED follows the
structure of IXTEX commands but restricts all arguments to curly brackets. This constraint
reduces ambiguity and prevents errors during parsing.

The Equation Wizard includes a built-in module for interacting with LLMs via a REST
API [6]. When the user enters a prompt, the program sends both the currently selected
formula and the prompt text to the chosen model. The additional context with EQED
specification and set of rules is transferred as well. The model is supposed to respond
with a new expression altered according to the user’s prompt, typically encoded in EQED,
which the editor then renders. The system also allows users to save full conversation logs
and measure the time required to generate each response. These features enable controlled
experiments under repeatable conditions. The capability of the tested models to properly
read the problem statement and provide its solution in the custom EQED format is an
important aspect of this work, which addresses the problem of a proper formatting and
interpretation of the results in LLM’s reasoning.

The main objective of the study is to evaluate the practical usefulness of Al-assisted
mathematical problem solving within the Equation Wizard environment and to determine
whether contemporary LLM services can reliably support such interaction workflows.
In addition, the study seeks to identify which model families provide the most favorable
balance between mathematical correctness, syntactic compliance, and perceived respon-
siveness when solving representative “matura”-level mathematical problems. The results
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can support further development of the Equation Wizard environment and its integration
into educational and automated assessment scenarios.

Unlike many studies focused on benchmarking the intrinsic mathematical capabil-
ities of LLMs, the objective of the present work is to evaluate an Al-enhanced human-
computer interaction architecture integrated into an existing multimodal mathematical edi-
tor. The investigated system combines a visual equation editor, a voice interface, a prompt-
construction layer, REST-based communication services, and externally hosted GenAl
models. Consequently, the study evaluates the practical usefulness of complete Al-assisted
workflows rather than isolated model performance.

The evaluation was conducted from the perspective of a typical “bring your own
key” user who accesses commercial GenAl services through provider-hosted infrastructure.
Therefore, both the correctness of generated solutions and the perceived responsiveness of
the complete interaction process contribute to the overall assessment.

The study addresses the following research questions:

*  RQI: Can contemporary LLM-based services be effectively integrated into a multi-
modal mathematical editing environment to support solving secondary school mathe-
matics problems?

e  RQ2: To what extent do different LLM services provide mathematically correct and
syntactically compliant outputs when operating within a constrained mathematical
encoding scheme (EQED)?

e RQ3: Which model families appear most suitable for practical deployment in Al-
assisted mathematical editing workflows when correctness, syntactic compliance,
and responsiveness are considered jointly?

Based on previous work on multimodal mathematical editing, we hypothesize that
advanced frontier models will demonstrate strong semantic understanding of mathematical
expressions, but their ability to generate outputs fully compliant with a custom formal
notation will remain less reliable, in particular the following hypotheses are investigated:

Hypothesis 1. At least some contemporary frontier LLM services are capable of solving representa-
tive high school mathematical tasks with a level of correctness sufficient for practical integration
into mathematical editing environments.

Hypothesis 2. Mathematical correctness and syntactic compliance constitute partially independent
dimensions of performance, and mathematically correct answers do not necessarily guarantee
successful integration with downstream software tools.

Hypothesis 3. Models offering the best practical user experience are not necessarily those with the
shortest response times, because correctness and reliability dominate perceived usefulness within
Al-assisted mathematical problem-solving environments.

2. Related Work

The problem of efficient and consistent processing of mathematical notation in au-
tomated systems emerges in several areas of application. First, mathematical notation
processors enable standardized formula visualization. Secondly, it is critical in tasks related
to comparison between documents with mathematical content such as phrase search or
plagiarism detection. Last but not least, efficient math-processing engines enable math
verbalization in voice interfaces, both for transcribing spoken formulas as well as syn-
thesizing math content as spoken output. As such, it has been widely addressed in the
bibliography [1,7-19].
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With LLMs, verbalization comes naturally by their design. However, mathematical
content read or transcribed in the natural language is hard to comprehend by automated
systems. Hence, the LLM’s capabilities of “understanding” the symbolic language, eval-
uating math problems or even mathematical reasoning or theorem proving, have drawn
the attention of many researchers [20-27] and are a valid research question on its own.
Nevertheless, our work goes one step further—we are interested not only in the evaluation
of the mathematical skills, but also in consistency and reliability of generated outputin a
structured way that is relevant for integration with other software components.

Our previous research on human-computer interaction for mathematical expression
editing provides the foundation for the present study. The earlier work focused on enabling
LLM-based systems to support voice-driven composition and edition of mathematical
formulas. In the first stage of this research, we explored how interactive voice commands
can extend the functionality of a math formula editor and improve user experience when
entering complex expressions [28,29].

More recent research addressed the integration of a GenAl assistant directly into Equa-
tion Wizard, providing a natural language interface in Polish language [6]. We examined
the ability of LLMs to verbalize mathematical expressions from the perspective of end
users. This case study assessed how well different models interpret natural language de-
scriptions of formulas and how reliably they produce correct symbolic output. The findings
highlighted both the strengths and common failure modes of LLMs when dealing with
ambiguous or multi-step verbal instructions in Polish. This work extended the earlier
concepts by embedding the LLM within a full editing environment, allowing continuous
interaction, command-based transformations, and real-time validation. Together, these
studies show that LLMs are increasingly capable of supporting the input and modification
of mathematical notation.

However, prior research has focused primarily on interpreting, verbalizing, or edit-
ing formulas rather than solving mathematical problems expressed by those formulas.
The present study addresses this gap. We shift attention from formula processing to prob-
lem solving and evaluate the capability of various LLMs to handle tasks at the difficulty
level of a Polish high school final exam. This direction follows naturally from earlier obser-
vations and opens new possibilities for applying Al systems in mathematical education
and assessment.

3. Experiment Setup and Methodology
3.1. Models Selected for the Test

The study evaluates the ability of modern large language models to solve math
problems at the level of a Polish high school final exam. Based on prior experience with
symbolic editing and on the requirements of multi-step reasoning, we selected seven models
for detailed testing. Processing cost was intentionally excluded from the selection criteria.
Instead, we focused on mathematical competence, inference reliability, and response latency
in interactive workflows. In addition to the aforementioned aspects, the model’s ability to
parse input and generate output in accordance with the custom mathematical encoding
rules was evaluated as a necessary intermediate step toward producing human-readable
answers and providing comfortable human—computer interaction.

The selected models are:

1. gpt-5: The strongest general-purpose model available at the moment of experiments
in the GPT family and a natural baseline for high-accuracy reasoning. GPT-5 demon-
strates excellent performance on algebra, geometry, and multi-step tasks and reliably
generates well-formatted IATEX.
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gpt-40: This model is optimized for structured reasoning, including symbolic manip-
ulation and equation solving. It offers high stability, consistent formatting, and very
fast inference compared to previous generations.

gpt-40-mini: A reduced-size variant designed for low latency. Although less capable
than gpt-4o, it preserves much of its mathematical reasoning ability and is especially
valuable in real-time editing scenarios where response time is critical.
claude-opus-4: Claude Opus provides strong analytical reasoning and coherent step-
by-step explanations. It performs well on exam-style problems that require structured
justification. It also produces clean, readable IATEX output, which is essential for
formula visualization.

grok-4-latest: Grok-4 offers competitive reasoning speed and improved mathemat-
ical reliability compared to earlier versions. Its fast inference makes it suitable for
experiments requiring large batches of queries or interactive command sequences.
mistral-large-latest: Mistral Large combines solid mathematical competence with
efficient inference. It tends to produce concise outputs and handles symbolic transfor-
mations well. Its inclusion broadens the diversity of model architectures examined in
this study:.

gemini-flash-latest: Gemini Flash is optimized for fast inference while maintaining
competitive reasoning performance. It demonstrates strong symbolic manipulation
capabilities and produces structurally consistent formula output. Its inclusion allows
for comparison between latency-oriented architectures and more computation-heavy
reasoning models, particularly in interactive mathematical editing environments.

Together, these seven models represent multiple model families—GPT, Claude, Grok,

Gemini and Mistral—which allows for a broader assessment of architectural differences
and reasoning strategies.

3.2. Alternative Models Considered

Several available models were excluded from primary testing for the following reasons:

gpt-5-mini and gpt-5-nano: These compact versions provide very fast responses but
lack the reasoning depth needed for nontrivial exam problems. They remain useful
for latency benchmarks but are not suitable as core evaluation targets.
mistral-small-latest: Although efficient, it performs inconsistently on tasks requiring
multi-step symbolic reasoning.

claude-sonnet variants (3.7 and 3.5 families): These models display strong general
reasoning, but Claude Opus consistently achieves higher accuracy in mathematical
tasks, making it the more appropriate representative of the Claude family.

o-series models (including 03): These models offer good general reasoning, but the
40 family provides superior performance on symbolic tasks and more stable IATEX
formatting. Therefore, o-series models were not prioritized.

The selection process emphasizes consistency, mathematical reliability, and suitability

for exam-level tasks, rather than broad coverage of all available architectures.

3.3. Future Extensions

To enable a more comprehensive benchmark, the study may be extended in the future

with additional models that are known for strong performance on mathematical tasks or
low-latency reasoning:

DeepSeek-R1 and DeepSeek-Math series: These models show competitive results
on math-oriented benchmarks and have been optimized for symbolic reasoning and
structured inference.
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*  Qwen2.5 Large and Qwen2.5-Math: Qwen models have demonstrated strong perfor-
mance on multilingual math datasets and could provide valuable comparisons with
Western LLM architectures.

*  Gemini 2.0 Pro/Flash: If integration becomes available, these models could be eval-
uated for their efficiency and reasoning performance, especially given their strong
results on broader reasoning benchmarks.

*  Open-source math-specialized models: Models such as Llemma or MathCoder may
also be useful for targeted experiments in symbolic transformation and step-by-
step justification.

*  Local models: Models available and run at the local machine can be evaluated to decide
if they are suitable for tasks solving despite their reduced size and other parameters.

Expanding the model pool in future research will allow for a deeper analysis of
the relationship between model size, architecture, and symbolic reasoning performance.
Moreover, the implementation of local models can open the possibility of developing an
independent educational application that would run regardless of the network connectivity
or the financial resources needed for publicly available solutions.

3.4. Software Environment and Configuration

All experiments were conducted using the Equation Wizard, a Windows application
capable of rendering mathematical expressions and interacting with LLMs through a
configurable REST interface. Model configurations are stored in a JSON configuration file,
encrypted and loaded either locally or remotely using a username- and password-based
access control. This mechanism safeguards access to paid models and ensures that only
authorized participants can perform experiments.

The editor supports input and output in MathML, I£IEX and EQED, a simplified
internal format that mirrors I£IEX syntax but restricts all arguments to curly braces. This
simplification reduces parsing ambiguity and facilitates automated processing. The in-
teraction between a user and graphical interface of the editor is possible with the use of
classic menus, palletes, keyboard shortcuts, copy—paste commands and selection with the
mouse pointer. Moreover, there is a mobile assistant application, which enables actual
voice-controlled interaction, where the description of the formula along with editing com-
mands are transmitted in the form of natural language. The mobile assistant receives the
visualization of the resulting formula in the buffer of the editor, so it can be presented or
spelled in the handheld device. This approach opens the variety of possible applications,
including educational ones and supporting people with disabilities. The method of entering
and manipulating the mathematical notation is transparent and can be changed even in
the middle of the process, creating a fully multimodal environment. The example of the
Equation Wizard editor connected with the mobile assistant is shown in Figure 1.

Communication between the Equation Wizard and external LLM services is performed
through JSON messages exchanged via the REST interface. Each request contains three
principal components. The first component is a system-level instruction defining the EQED
notation, including its IATEX-based macro specification and the rules governing mathemat-
ical expression encoding. The second component contains the mathematical expression
currently stored in the editor buffer, represented in EQED format and inserted into the
prompt dynamically. The third component is a user instruction describing the requested
operation, such as solving an equation, computing a limit, or evaluating an expression.
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Figure 1. Graphic user interface of the Equation Wizard environment supporting the editing of
mathematical expressions using a voice interface (main application on the left, mobile assistant
application on the right).

The prompt is designed to enforce a strict output format suitable for automated pro-
cessing. In addition to the EQED macro definitions, it specifies encoding rules for numbers,
variables, operators, and structural mathematical constructs. The model is instructed to
interpret the source expression according to standard mathematical conventions, perform
the requested transformation, and return exclusively the resulting expression encoded in
EQED. Any explanatory text, comments, formatting markers, or repeated macro definitions
are explicitly prohibited. This approach enables direct integration of model responses with
the rendering and editing mechanisms of the Equation Wizard while reducing ambiguity
in the interpretation of generated mathematical content.

All experiments were performed using the official REST APIs provided by the re-
spective model vendors. GPT models were accessed through the OpenAl API, Claude
through the Anthropic API, Mistral through the Mistral AI API, Grok through the xAI AP],
and Gemini through the Google Generative Language API using its OpenAl-compatible in-
terface. The experiments were conducted during several experimental sessions carried out
over several weeks at the turn of 2025 and 2026, using the model versions publicly available
through the official APIs of their respective providers. The evaluated services were identi-
fied by their publicly available model names; more detailed internal revision identifiers
were not available in a consistent form across all evaluated providers and therefore could
not be reported uniformly. Unless required by a specific provider, the default model param-
eters were retained, with the exception of the temperature parameter, which was set to the
lowest supported value in order to reduce response variability and improve determinism.
The prompt structure and system-level instructions used throughout the experiments are
described in this section and were applied consistently across all evaluated models.

The main software components and the flow of information exchanged during Al-
assisted operations are presented in Figure 2. Particular attention is given to the Al
integration layer, which is responsible for prompt construction, communication with
external LLM services, and interpretation of generated responses.
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Figure 2. Architecture of the Al-enhanced Equation Wizard environment. The system combines GUI-
based and voice-based interaction with a visual equation editor and an Al integration layer consisting
of the Al assistant, Prompt Template, and AI Connector modules. The integration layer communicates
with external large language models through provider-independent REST interfaces and enables
automated processing of mathematical expressions encoded in EQED, IATEX, and MathML formats.

3.5. Repeated Executions and Response-Time Evaluation

Each experiment was executed multiple times (at least five repetitions per model and
task) under comparable network and infrastructure conditions. The repeated executions
produced nearly identical mathematical outputs and only minor latency fluctuations,
typically below one second.

Because the objective of the study is not infrastructure benchmarking but evaluation
of practical user experience within an Al-enhanced mathematical editor, exact latency mea-
surements were not treated as primary quantitative variables. Instead, response times were
grouped into qualitative responsiveness categories reflecting perceived user experience.

Occasional network failures, temporary service unavailability, or unusually long
delays were observed during testing. Such incidents were not reproducible and disappeared
when the request was repeated after a short interval. Since the experiments intentionally
reflect the perspective of a real end user accessing externally hosted GenAl services, these

events were treated as part of the overall interaction environment rather than as model-
specific characteristics.

3.6. Evaluation Criteria

The evaluated models were assessed using two complementary criteria: correctness
of the generated solution and perceived responsiveness of the interaction. Correctness
was classified using a four-level scale ranging from fully correct solutions ¥ ¥ ¥ to
mathematically incorrect results ©.

The assigned rating represents a joint qualitative assessment of mathematical correct-
ness and syntactic compliance with the EQED representation. Mathematical correctness
was treated as the primary criterion, while syntactic compliance determined whether
a mathematically correct response could be directly used within the Equation Wizard
environment. The rating was performed in the following scale:
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¢  Mathematically correct solutions represented in a form directly usable within the
Equation Wizard environment ¢ W3 13;

*  Mathematically correct results containing only minor formatting or presentation
deficiencies that did not prevent correct interpretation ¥¥ v¥;

*  Correct mathematical idea or intermediate result but incorrect or syntactically unus-
able final representation Ixé

*  Mathematically incorrect result or output that could not be interpreted as valid
solutions ©.

Because the observed response times depend not only on the model itself but also
on network conditions, provider-side infrastructure, and temporary system load, exact
latency values were not treated as a primary evaluation metric. Instead, response times
were grouped into four qualitative responsiveness categories reflecting the user experience
during interaction with the system:

¢ Instant (up to5s) X;

e Fast(6-15s) B¥;

e Moderate (16-30 s) XX X;

e Slow (more than 30 s) XXX K;

no response received or processing failed [!]

This categorization reduces the impact of minor timing fluctuations while preserving
the practical distinction between models that respond immediately and those requiring
noticeable waiting time.

4. Experiments

In this section, we present a series of experiments designed to evaluate how selected
large language models handle mathematical problems taken from a Polish high school final
examination (“matura”). Based on the model selection criteria discussed earlier, we test
seven LLMs using the same set of tasks. Each experiment begins with the Equation Wizard
initialized with an expression representing the problem, followed by a prompt instructing
the model to perform a specific mathematical operation and provide the output in the
expected internal format—EQED. The editor logs all information on LLM interactions,
including raw prompts, model outputs, processing times, and editing commands. These
logs provide all necessary data for comparing accuracy, performance, and responsiveness
across different models. The user interface of Equation Wizard with LLM interactive dialog
during experiments is shown in Figure 3.

For clarity and conciseness, we provide a full, detailed description only for the first
model tested in each task, including the complete log output, timestamps, and analysis of
the returned EQED structure. For the remaining models, we summarize the most relevant
observations, highlight differences in execution time, output format, and correctness,
and report any recurring issues identified during evaluation. This approach keeps the
narrative focused while preserving all necessary comparative insights.

4.1. Experimental Reproducibility and Response Times

All response times reported in the following experiments represent average values
obtained from multiple executions of the same task. Since the measured latency depends
not only on the language model itself but also on network conditions, API communi-
cation overhead, provider-side infrastructure, and temporary service load, exact timing
values should be interpreted as indicative rather than absolute measurements. For this
reason, the comparative analysis presented later in the paper primarily relies on qualitative
responsiveness categories rather than precise latency measurements.
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Figure 3. Equation Wizard during experiments. There is main editor with the visualization of the
equation, menu and one of the palettes of ready-to-insert mathematical symbols in the upper part,
as well as Al assistant dialog in the lower part with user prompt marked with light red color.

An additional observation concerns the reproducibility of generated outputs. Most
evaluated models produced either consistently correct or consistently incorrect results
across repeated executions. However, the gpt-40 and gpt-4o-mini models exhibited notice-
ably higher output variability. In several experiments, repeated executions of the same task
resulted in different incorrect answers, typically differing by individual symbols, numerical
values, or minor algebraic transformations. Consequently, the incorrect outputs reported
for these models should be treated as representative examples of the observed behavior
rather than as unique deterministic responses. No comparable variability was observed for
the remaining evaluated models.

Each experiment was repeated at least five times for every model. The repeated
executions were intended to verify the stability of the observed behavior rather than to
perform a statistical comparison between models. Individual runs were assessed using the
same qualitative criteria adopted throughout this study, and the reported ratings reflect
the overall behavior consistently observed across the repeated executions. Occasional
variations, when observed, were limited to minor differences that did not alter the assigned
qualitative rating. With the exception of GPT-40 and GPT-40-mini, which occasionally
produced minor variations in incorrect outputs, the tested models demonstrated highly
repeatable behavior.

4.2. Experiment 1: Solve Quadratic Equation

In the first experiment, we evaluated the behavior of the GPT-5 model when solving a
basic quadratic equation inserted into the Equation Wizard buffer. The editor was initialized
with the following IATEX expression:

¥ +2x—3=0.
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After loading the expression, the user issued the following instruction in Polish (“solve
the equation” in English):

rozwiaz rownanie

The editor transmitted both the buffer content and the prompt to the GPT-5 model
through the REST interface. The full interaction was recorded in the system log. The rele-
vant piece of this log is shown below:

Model: gpt-5
START: 2025-11-28 17:09:26
temp. i top_p ignorowane!
\EQEDhi
{\EQEDnplain
{2}

}
{\EQEDplain
{x}

}

\EQEDplain
{+}
\EQEDnplain
{2}
\EQEDplain
{x}
\EQEDplain
{-}
\EQEDnplain
{3}
\EQEDplain
{=}
\EQEDnplain
{0}

rozwiaz rownanie
\EQEDplain{x}\in\{\EQEDnplain{1}\EQEDplain{, }\EQEDplain{-}\EQEDnplain{3}\}
STOP: 2025-11-28 17:10:07

The EQED-formatted block at the beginning represents the expression stored in the
buffer. This is followed by the user prompt, and finally by the result generated by the
model. Generally, EQED commands are identifiable by the prefix EQED, and each tokenized
element of the expression is enclosed in curly-bracket arguments. The total processing time
for this request was 37 s. The model returned a solution, identifying the set of roots as:

x € {1, -3}

In this experiment, the GPT-5 model produced the mathematically correct solution
to the quadratic equation. However, the returned representation mixed EQED commands
with raw ETgX parentheses. Although EQED tokens were used for numbers and operators,
the model inserted set brackets using standard { } notation rather than the dedicated
\EQEDbrackets command.
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This inconsistency led to a rendering issue in the formula editor. Because the wizard
expects all structural elements to follow EQED conventions, the raw IXTEX parentheses
were not visualized properly. As a result, the displayed form of the solution was unclear,
even though the user could infer the intended meaning from context.

The above distinction is important for assessing model performance. The output
of GPT-5 in this experiment should be classified as mathematically correct but syntactically
insufficient. The answer cannot be processed reliably in automated workflows, since it lacks
a fully valid EQED structure.

The inconsistency observed here highlights a broader challenge in evaluating LLM
behavior in structured mathematical tasks: a correct numerical or symbolic result does
not guarantee a correct formal representation compatible with downstream tools. Subse-
quent experiments will track both correctness dimensions—mathematical and syntactic—to
enable a more detailed comparison across models.

This confirms that GPT-5 was able to interpret the equation and carry out the required
algebraic steps, but it did not produce a fully valid EQED representation of the final answer.

The result reported for gpt-40 was x = % This value is incorrect. This discrepancy
should be recorded in the experiment log as a mathematical error. The processing took just
2 s, but the result is useless.

The model claude-opus-4 produced not only a correct solution to the equation

x> +2x—3=0,

but also presented the full computation in a compact and readable single-line derivation in
7 s only:

2+ VEF12 244
= 2 T

This response is mathematically valid and demonstrates a clear and well-structured

=1V x=-3.

reasoning path. The transformation from the quadratic formula to the final numeric roots
is correct, and each step follows standard algebraic conventions. In terms of mathematical
clarity, this model provided one of the most coherent outputs in this task.

The model grok-4 required a relatively long processing time (66 s) to return its solution.
The final answer was expressed as:

x=-1+2,

which is mathematically equivalent to the correct roots x = 1 and x = —3.

Although the expression is formally valid, its presentation is less transparent than the
conventional explicit listing of the two solutions.

The model mistral-large produced a mathematically correct solution to the equation,
but the syntax of the output was almost entirely unreadable. Only a careful user could
extract the actual roots from the generated output.

Although the model returned the result quickly (in approximately 5 s), the poor read-
ability renders the output unsuitable for direct use within the investigated mathematical
editing workflow. This example highlights that a correct numeric answer alone does not
guarantee a practically usable solution within the investigated environment.

The model Gemini gave the correct answer after rather long processing time,
i.e., in 36 s.
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4.3. Experiment 2: Calculate Limit of a Sequence

The second task requests the model to compute the limit of a sequence. The Equation
Wizard buffer is initialized with the following IATEX expression and the prompt given
in Polish.

Buffer (IATEX)
. 15n 424
Iim ———
n—+00 24/3p2 4 4p — 2
Prompt (Polish)

oblicz granice

Reference solution

For this task, the limit can be evaluated by factoring out n from both the numerator
and the square root in the denominator:

n(15+ 2
lim 15n + 24 lim ( n ) _ 15

n—+00 2\/3n2 L dn —2  n—teo 5, /3+%_% 23
n

After rational simplification, the expected final answer is

2

This value should be accepted as the correct mathematical result, and any algebraically

equivalent expression (for example, -1>- or numerically equivalent rationalizations) is

2V3

treated as correct in the evaluation.
Below, we summarize the behavior of each model.

GPT-5:
The model required 21 s to process the query and returned the correct value

5v/3
R

The answer was concise, fully correct, and syntactically well-formed.
claude-opus-4:

Despite fast execution (5 s), the model returned the value 0, which is mathematically
incorrect. This indicates a failure in asymptotic reasoning for this task.

mistral-large:
The model responded very quickly (1 s) and produced the expression

lim 15
n—+00 24/3’

which contains the correct simplified value but redundantly repeats the limit symbol. Thus,
the answer is mathematically correct but stylistically suboptimal.

grok-4:

After 42 s of processing, the model returned the correct result

5v/3
R

https:/ /doi.org/10.3390/electronics15143142


https://doi.org/10.3390/electronics15143142

Electronics 2026, 15, 3142

14 of 29

The form was clear and conventionally acceptable.

gpt-4o:

The model completed the task in 1 s but produced the incorrect answer 7. This
represents a complete computational failure for the given limit.
gpt-4o-mini:

Processing took 5 s. The model provided a lengthy derivation containing the correct

intermediate expression 1>, but ultimately concluded with the incorrect simplified form

2v/37

15

3 7
which no longer corresponds to the correct limit. The result therefore must be classified
as incorrect.
Gemini:

The model gave the correct results in 63 s on the second attempt, after supplementing

the instruction with the note: “provide only the final result.”

Additional Note on gpt-5-mini

In preliminary tests, we also evaluated the gpt-5-mini model. For both tasks presented
above, its responses were identical to those produced by the full gpt-5 model, and the exe-
cution times were similar. This suggests that gpt-5-mini may represent a viable alternative
in production scenarios, especially when lower operational costs or reduced resource usage
are important considerations.

4.4. Experiment 3: Limit of an Exponential Sequence

In the third experiment, we evaluate how selected LLM models handle a limit that
involves both a rational expression and an exponent growing linearly with n. As before,
the task is executed within the Equation Wizard, which provides the mathematical expres-
sion via its buffer and forwards a short natural language prompt to the selected model.

Task Description

The Equation Wizard buffer is initialized with the following IATEX expression:

) <n+2>3n
lim .
n—oco\n+5

The prompt issued to the model is simply:

oblicz granice

Reference solution

The limit can be evaluated by rewriting the base of the power in a form suitable for
asymptotic analysis:

n+2_17 3

n+5 = n+5

Using the standard limit lim, e (1 + %)bn = ¢ we obtain

3 3n
lim (1 — ) =e’.
n—00 n+5
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Thus, the correct value of the limit is

e ’].
Below, we include a summary of results obtained in this experiment by each of the
tested models.

GPT-5:

The model completed the task in 32 s. It returned exactly the expected EQED repre-
sentation of e~?, which is both mathematically correct and syntactically valid. The output
is concise and directly usable in the Equation Wizard.

claude-opus-4:

The model responded quickly (10 s) but produced an incorrect reasoning chain. It
transformed the expression into a limit that diverges to infinity and concluded with the
value co. This result is mathematically incorrect and indicates a failure in handling expo-
nential limits of the form (1 + an)b".

mistral-large:

The response time was very short (2 s). However, the model returned a malformed
expression in which the original exponential structure was lost and replaced by a ratio-
nal expression inside the limit. No valid final value was provided. The result is both
mathematically incorrect and syntactically misleading.

grok-4:

After 43 s, the model returned the correct EQED expression corresponding to e .

The output is mathematically correct, syntactically valid, and clearly formatted, al-
though the response time is relatively long.

gpt-4o:
The model completed the task in 4 s but returned the value 1, which is incorrect for
this limit. This indicates a misinterpretation of the asymptotic behavior of the expression.

gpt-40-mini:

The model responded in 4 s. It reproduced the original limit expression and then
concluded with the value 3, which is mathematically incorrect. Additionally, the output
mixed EQED with standard I£TEX constructs, reducing its syntactic consistency.

gemini-flash-latest:

The Gemini model completed the task in 6 s and returned the correct EQED represen-
tation of e 7. The result is mathematically correct, syntactically valid, and clearly formatted.
Compared to larger models, it achieved this with a relatively short execution time.

Overall, Experiment 3 highlights substantial differences between models in handling
exponential limits. Only GPT-5, grok-4, and gemini-flash-latest produced fully correct and
well-formed results, while other models either failed mathematically or produced outputs
unsuitable for direct use in the Equation Wizard.

4.5. Experiment 4: Solving a Biquadratic Equation

In the fourth experiment, we examine how selected LLM models handle a polynomial
equation of higher degree that can be reduced to a quadratic form. We follow the test
procedure from previous experiments.

Task description

https:/ /doi.org/10.3390/electronics15143142


https://doi.org/10.3390/electronics15143142

Electronics 2026, 15, 3142

16 of 29

The Equation Wizard buffer is initialized with the following equation:
4x* —13x* +3 =0.

The prompt issued to each model is:

rozwiaz rownanie

Reference solution

By introducing the substitution y = x?, the equation can be rewritten as a quadratic
equation:
4y — 13y +3 =0.

Solving this equation yields
1
y=3 or y= 7
Reverting to the original variable x, we obtain the solution set:

x:j:\/§ or xz:l:%.

Thus, the correct solution of the equation is

xe{-v3 -1 1, v3l]

Observed model behavior.

e grok-4-latest returned the full and correct solution set in valid EQED notation.

e  gpt-5also returned the complete and correct solution set, properly formatted.

¢  gemini-flash-latest produced all four correct roots, though the presentation was less
structured.

e  gpt-4o produced an incorrect and incomplete result.

¢ gpt-4o-mini followed an invalid algebraic transformation, leading to an incorrect solution.

¢ claude-opus-4 applied an inappropriate quadratic formula directly to x, yielding
incorrect results.

4.6. Experiment 5: Computation of a Sequence Term

Task. Compute the fifth term of the sequence defined by

2—n

ap = (—=1)"- 2

with the instruction: “oblicz as5”. All expressions were entered and evaluated using the
Equation Wizard.
Reference solution. Substituting n = 5:

2-5 -3 3
= (=1 -2 = (—1)- =2 = =,
a —i
>~ 25

Methodological note. For some models, the log contains two separate prompts:

e “oblicz as” (with subscript, 5A in the table).
e “oblicza a5” (without subscript, 5B in the table).
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Interestingly, in several cases the second phrasing produced better results.
Observed model behavior.

e  gemini-flash-latest returned the correct value % for both prompt variants.

*  mistral-large-latest returned the correct result for the standard prompt, but produced a
completely incorrect product-based construction for the variant without subscript.

*  gpt-5 produced an incorrect value 3% for the standard prompt, but returned the correct
% for the variant “oblicz a5”.

e  grok-4-latest consistently returned 3%, which is incorrect.

3%, systematically miscomputing the denominator.

*  gpt-4o produced an incorrect value — % for both prompt variants.

* claude-opus-4 returned

¢  gpt-4o-mini failed to complete the computation and did not produce a numerical result.

4.7. Experiment 6: Solving a Rational Equation

In this experiment, the models were asked to determine the value of the parameter a
satisfying the equation entered into the Formula wizard:

9a

24a= .
t=

The prompt used in all tests was:
“dla jakiej wartodci a réwnos¢ jest prawdziwa”

After eliminating the denominator and simplifying, the equation becomes

(2+a)(2a+1) =9a,

which leads to
20> —4a+2 =0,
and finally
(a—1)*=0.
Therefore, the correct answer is
a=1.

GPT-5 returned the correct result directly after 26 s. The answer was concise, mathe-
matically correct, and fully compatible with the expected EQED notation.

Claude Opus 4 also produced the correct result. Unlike GPT-5, it generated a complete
derivation showing all intermediate algebraic transformations. Although some EQED
constructs were slightly unusual, the reasoning remained mathematically valid and the
final answer was correct. The response required 19 s.

Mistral Large failed to solve the task. Instead of transforming the equation, it returned

a different expression,
3

24+a=-,
a
which is unrelated to the original problem. The output was therefore mathematically
incorrect and unusable despite the very short response time of 2 s.
Grok-4 returned the correct solution a = 1 after 6 s. The answer was concise and
correctly formatted.
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GPT-40 produced the expression

_2+1
o

which simplifies to % Although this appears to be an attempt at symbolic manipulation,
the result is incorrect and does not satisfy the original equation.

GPT-40-mini did not perform any computation and merely repeated the original
equation. Consequently, the task remained unsolved.

Gemini Flash returned the correct value a = 1 after 16 s. The answer was short, clear,
and syntactically correct.

Overall, this experiment showed strong performance from GPT-5, Grok-4, Claude
Opus 4, and Gemini Flash, all of which identified the unique solution correctly. In contrast,
GPT-40, GPT-40-mini, and Mistral Large failed to produce a valid solution.

4.8. Experiment 7: Solving a Linear Inequality

In this experiment, the models were asked to determine the solution set of the inequal-
ity entered into the Formula wizard:
5x—1

3x_2

The prompt used in all tests was:

“podaj zbior wszystkich rozwiqzari nieréwnosci”

Multiplying both sides by 2 and rearranging terms yields
6—2x>5x—1,

which simplifies to

7 >7x,
and therefore
x <1.
The solution set is
(—o0,1].

Unlike several previous experiments, this task exposed an interesting distinction be-
tween mathematical reasoning and output generation. The inequality itself is elementary
and requires only a few algebraic transformations. Nevertheless, several models experi-
enced difficulties not in the computation itself, but in expressing the final solution set using
the expected notation.

GPT-5 required 71 s and returned the correct interval (—oo,1]. The answer was
mathematically correct, although the response time was unusually high for a problem of
this complexity.

Claude Opus 4 produced a complete derivation of the inequality and arrived at the
correct solution set after 12 s. Both the reasoning and the final result were correct.

Mistral Large also solved the inequality correctly in only 5 s. However, the generated
EQED notation contained several formatting artifacts and fragments of raw text. Despite
these issues, the final interval could still be interpreted correctly.
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Grok-4 returned the correct condition x < 1 after 8 s. The mathematical result was cor-
rect, although the answer was expressed as a set-builder expression rather than an interval.
GPT-40 produced an entirely incorrect solution set,

(=00, —3] U [2,+00),

which appears unrelated to the original inequality.

GPT-40-mini generated a detailed derivation and correctly obtained the condition
x < 1. Although the final answer was not explicitly converted into interval notation,
the mathematical result was correct and clearly presented.

Gemini Flash exhibited the most unusual behavior. Instead of solving the task directly,
the model entered a meta-level discussion about Polish interval notation and attempted to
reason how the answer should be written. As a result, no complete solution was produced.
This suggests that the model became distracted by formatting considerations rather than
focusing on the mathematical task itself.

Overall, this experiment demonstrates that even simple algebraic problems may reveal
weaknesses in output formatting and instruction following. Most models successfully
solved the inequality, but Gemini Flash failed because of output-generation issues rather
than mathematical reasoning errors, while GPT-40 produced a genuinely incorrect mathe-
matical result.

Additional observation—Gemini Flash reproducibility

An additional execution of Gemini Flash was performed using exactly the same input
as in the original experiment. Unlike the first attempt, which produced a malformed
response consisting largely of internal reasoning fragments and formatting-related text,
the repeated query returned the correct solution set

x € (—oo,1].

This behavior is noteworthy because the difference between the two outputs is not
merely a variation in explanation style or formatting quality. The first response effec-
tively failed to solve the task, while the second produced the fully correct mathematical
result. The discrepancy therefore illustrates a significant lack of output determinism. For a
relatively simple linear inequality, the model alternated between complete failure and
complete success despite identical input data. Such variability may be problematic in
educational applications, where reproducibility and reliability are often as important as
raw problem-solving capability.

4.9. Experiment 8: Determining the Tangent of an Acute Angle
In this experiment, the models were asked to determine the value of tana from

the equation

2sina + 3 cosa
cos «

7

under the additional condition that « is an acute angle.
The correct solution is obtained by dividing each term in the numerator by cos a:

2tana + 3 =4,

which yields
2tana =1,
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and therefore 1
t = —.
an 5

GPT-5:

GPT-5 immediately returned the correct value tan & = % without showing intermediate
calculations. The result was mathematically correct and concise.

Claude Opus 4:

Claude Opus provided a complete step-by-step transformation of the equation, cor-
rectly converting the expression into a linear equation in tan a. The final answer was correct
and well justified.

Mistral Large:

Mistral Large solved the problem correctly and presented a concise derivation. The rea-
soning was mathematically sound and led to the correct result.

Grok-4:

Grok-4 returned the correct value tana = 4 directly, without intermediate steps.
The answer was fully correct.

GPT-4o:

GPT-40 produced an incorrect result, returning % instead of % No reasoning was
provided, making the source of the error impossible to identify from the output.

GPT-40-mini:

GPT-40-mini correctly transformed the equation into
2tana + 3 =4,

and obtained the expression
tana = g
2
Although the final simplification was not performed explicitly, the resulting expression is
equivalent to the correct answer. This response was therefore assessed as essentially correct
but incomplete.

Gemini Flash:

Gemini Flash returned the correct value tana = % immediately. The solution was

concise and mathematically correct.

The experiment demonstrated that the task was comparatively easy for most models.
Five models produced the exact correct answer, GPT-40-mini stopped one simplification
step before the final result, and only GPT-4o failed by providing an incorrect numerical
value. Unlike several earlier algebraic experiments, this trigonometric transformation
caused little difficulty and showed strong consistency across the tested systems.

4.10. Experiment 9: Simplification of an Algebraic Expression

In this experiment, the models were asked to simplify the expression

(Bx+y)*— (Bx—y)?,

using the prompt “oblicz warto$¢ wyrazenia”.
The correct solution follows directly from the difference-of-squares identity

a* —b?=(a—b)(a+b),
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where
a=23x+y, b=3x—y.

Therefore,
Bx+y)* = Bx—y)* =[Bx+y) — Bx—y)|[(Bx+y) + Bx —y)] = (2y)(6x) = 12xy.

GPT-5:

GPT-5 immediately returned the correct result 12xy without intermediate calculations.
The response was concise and fully correct.

Claude Opus 4:

Claude Opus expanded both binomials using standard algebraic identities and cor-
rectly simplified the expression to 12xy. The reasoning was complete and mathemati-
cally sound.

Mistral Large:

Mistral Large applied the difference-of-squares identity directly, obtaining the factors
(2y) and (6x) before arriving at the correct result 12xy. The solution was concise and correct.

Grok-4:
Grok-4 returned the correct result 12xy immediately, without showing intermediate steps.
GPT-4o:

GPT-40 produced an incorrect result of 16xy. No derivation was provided, making
the source of the error difficult to identify. The answer indicates a computational mistake
in an otherwise straightforward symbolic transformation.

GPT-40-mini:

GPT-40-mini incorrectly concluded that the expression was equal to zero. This sug-
gests that the model may have incorrectly interpreted the two squared terms as identical
expressions and failed to account for the sign change inside the second binomial.

Gemini Flash:

Gemini Flash returned the correct result 12xy without additional explanation. The an-
swer was concise and mathematically correct.

This experiment proved relatively easy for most of the tested models. Five of the
seven systems obtained the correct result, while GPT-40 and GPT-40-mini produced incor-
rect answers. Interestingly, the task required only elementary symbolic manipulation, yet
the two OpenAl models based on the GPT-40 architecture failed despite their strong perfor-
mance on several more complex problems in earlier experiments. This result highlights
that occasional errors may occur even in simple algebraic transformations and that overall
model capability does not always guarantee reliability on routine symbolic tasks.

Effect of prompt wording

The same algebraic expression was tested again using the alternative prompt “uprosé
wyrazenie” (“simplify the expression”) instead of “oblicz wartosé wyrazenia” (“compute the
value of the expression”). Most models produced results consistent with the original exper-
iment. However, two notable changes were observed. GPT-40, which previously returned
the incorrect result 16xy, correctly simplified the expression to 12xy in the repeated test.
Conversely, Mistral Large, which had previously solved the problem correctly, produced
the incorrect factorization (2x + 2y)(2x — 2y). These results demonstrate that even minor
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changes in natural language instructions may significantly affect model behavior, some-
times improving and sometimes degrading mathematical performance. The experiment
therefore provides another example of prompt sensitivity in symbolic manipulation tasks.

Experiment 10—logarithmic expression

The tenth experiment evaluated the ability of the tested models to process a simple
logarithmic expression:
log, 32 — log, 8.

The task required recognition of powers of two and direct application of the definition
of the logarithm. Most models solved the problem correctly, typically by converting the
logarithms into integer exponents:

log,32 =5, log,8 =3,

thereby obtaining the correct result equal to 2.

The experiment revealed an interesting failure of GPT-40-mini. Although the model
correctly identified the first logarithm, it returned the intermediate expression 5/1 instead
of completing the subtraction step. This suggests that the error did not originate from
mathematical reasoning itself, but rather from premature termination of the solution
process. All other evaluated models produced the correct answer. The task therefore
confirms that elementary logarithmic transformations are reliably handled by modern
frontier models, while smaller models may still exhibit output truncation or incomplete
reasoning even for very simple problems.

5. Discussion

The results summarized in Table 1 present the details that allow a comparative eval-
uation of the novel aspects of Al-enhanced human—computer interaction implemented
within equation editor software. LLM models taken into consideration were compared
along two key factors: mathematical correctness and response time. Both aspects are critical
in the context of interactive problem solving within the Equation Wizard and derived
educational applications.

Table 1. Computation times and qualitative correctness ratings for experiments across all tested
LLMs. Correctness ratings: 1¥ ¥ Y¥—fully correct and clearly presented result; Y¥ Y¢—correct
result with minor presentation issues; iﬁ?—partially correct, incomplete, or syntactically flawed
result; ©—mathematically incorrect result. Responsiveness categories: —up to 5 s; RE—6-15's;
EEE—16-30 s; KRR B—more than 30's; m—no response received or processing failed. The reported
ratings summarize the qualitative behavior consistently observed across repeated executions rather
than statistical proportions of individual outcomes.

Task GPT-5 ((?)1;1;:151- N][“i::;ael- Grok-4 Gpt-40 c-;l\PiItl;l:’ Gemini-Flash
Solve the equation:
¥ 42x-3=0 EERE X b= BRER X b2y EREE
,. Prompt Trvy e e vy 77 Ye vy S 7 e vy
rozwiqz réwnanie
Compute the limit:
limioie 585 BER R g REEE R B RRRR
Prompt: W Y A PR S 4 \ w PR S 4

“oblicz granice”
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Table 1. Cont.

Task

Claude-

GPT-5 Opus-4

Mistral-
Large

Grok-4

Gpt-40

Gpt-40

“Mini Gemini-Flash

Compute
the limit:

limy, 0 ( % ) 3

Prompt: “oblicz granice”

EERX BR
WWw \

g
\

o

g B
© WWY

Solve
the equation:
4x* —13x2 +3=0
Prompt:
“rozwiqz réwnanie”

EERX ER
WWw \

Q

o

Compute the 5th
term of the sequence
(5A):
ay = (=1)"-
Prompt:
“oblicz a_5"

BEE BX
\

BEE
\

o

EEEE
PAEAS A

(Dl

Compute the 5th
term of the sequence
(5B):
ay = (=1)"- 2,,_7211
Prompt:
“oblicz a5”

XEER ER
PARAS A4 \

BRER
\

o

EREE
PARA S

QK

Solve the equation:
_ 9
2+a= Zail
Prompt:

“dla jakiej wartosci a

réwnod¢ jest prawdziwa”

XER XXX
WWw WWr

@

BR
WWww

o

J2y=$2S
WWr

@

Solve the inequality:
3_—x > 5x2—1
Prompt:

“podaj zbiér wszystkich

rozwiqzani nieréwnosci”

BEEER P
AR SN AR A SN

2R
PAR K,

o

EER XXR
A QA4 PARAS A

Determine tan «:
2sina+3cosa __ 4
cos o -

Prompt:
“oblicz tangens alfa

(alfa jest katem ostrym)”

2R B
PASAS S WYY

BB
PARA S

o

2R B
PASAS PARA S

Simplify
the expression:
(Bx +y)* — (3x —y)?
Prompt:
“oblicz wartosé
wyrazenia”

by 2R
WWww WY

BR
WWww

o

B
WWe

@

Simplify
the expression:
(Bx +y)* — (3x —y)?
Prompt:
“upros¢ wyrazenie”

P48 X
PASA S WYY

D

BB
PASA S

Q@

Compute the value:
log,32 —log,8
Prompt:
“oblicz wartos¢
wyrazenia”

BX X
WWww W

EEEE
WY

=>Da

The rationale for the qualitative ratings presented in Table 1 is discussed in the corre-

sponding experiment descriptions, particularly for responses exhibiting formatting deficien-

cies, syntactic inconsistencies, or other characteristics influencing the assigned category.
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5.1. Overall Accuracy

The highest level of mathematical reliability was observed for gpt-5, grok-4, and gemini-
flash. These models consistently produced correct results across most tasks, including
multi-step algebraic transformations and limit computations.

However, an important distinction emerges when considering prompt sensitivity.
While gemini-flash maintained high correctness across both variants of Experiment 5,
gpt-5 required a simplified prompt (without subscript notation) to produce the correct
result. Grok-4, despite strong performance in earlier experiments, failed on sequence
evaluation tasks.

claude-opus-4 demonstrated mixed performance. It handled simpler algebraic trans-
formations well but produced systematic computational errors in more complex expressions.

mistral-large showed inconsistent behavior. While it occasionally produced correct
results, it also generated outputs that were syntactically invalid or logically incorrect,
particularly in structured tasks.

The weakest performance was observed for gpt-40 and gpt-4o0-mini, both of which
frequently returned incorrect results or failed to complete the computation.

5.2. Response Time

In terms of latency, smaller and optimized models such as gpt-40, gpt-4o-mini,
and mistral-large consistently produced responses within 1-5 s. However, this speed
advantage did not translate into reliable correctness.

Among the more accurate models, gemini-flash achieved a favorable balance,
with moderate response times (typically 6-63 s) and consistently correct outputs.

gpt-5 and grok-4 required significantly longer processing times (often exceeding 30 s),
reflecting the computational cost of deeper reasoning. claude-opus-4 remained relatively
fast (5-12 s), but its accuracy limitations reduce the practical benefit of this latency.

Even though the absolute values of the measured response times may change with
the development of the infrastructure, their relationships provide valuable information
in terms of practical usefulness and the possibility of implementing production solutions
using them.

5.3. Combined Ranking

The combined assessment prioritizes mathematical reliability over responsiveness.
For educational applications, a mathematically incorrect solution is considered substantially
more harmful than increased response time. Consequently, models producing incorrect
results in even a small subset of representative task categories receive a strong penalty in
the final qualitative assessment.

The ranking therefore reflects three factors considered jointly:

1. Mathematical correctness;
2. Syntactic compliance with EQED requirements;
3. Responsiveness of the complete Al-assisted workflow.

Per design, the first factor dominates the evaluation. EQED compliance serves as
a secondary criterion because it directly affects the ability of the editor to visualize and
process generated content. Response time is treated as a tertiary factor used primarily to
distinguish between models exhibiting similar correctness levels.

Based on the observed results, the models can be ranked as follows:

1.  gemini-flash—best overall balance of correctness and speed; robust across tasks and
prompt variations.
2. gpt-5—very high accuracy, but sensitive to prompt formulation and relatively slow.
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3.  grok-4—strong performance in algebra and limits, but less reliable in sequence-based
tasks.

claude-opus-4—fast and structured, but affected by recurring computational errors.
mistral-large—fast but inconsistent; occasional correctness offset by structural failures.
gpt-4o0—very fast but unreliable for mathematical problem solving.

N oG

gpt-4o-mini—lowest overall performance; limited reasoning capability despite
low latency.

5.4. Key Observations

Several important patterns emerge from the experiments:

¢ Correctness and latency are negatively correlated. Faster models tend to produce less
reliable results.

*  Prompt formulation has a measurable impact on model performance, especially in
symbolic contexts.

*  Some models produce mathematically correct results but fail to adhere to the required
formal representation, which limits their usability in automated systems.

* Models optimized for general reasoning (e.g., gpt-5, gemini-flash) outperform
lightweight variants in multi-step mathematical tasks.

This distinction between mathematical correctness and syntactic compliance emerged
as one of the most important observations of the study. Several models successfully solved
mathematical tasks while simultaneously producing outputs that could not be processed
reliably by the Equation Wizard environment.

From the perspective of practical HCI applications, these dimensions should be eval-
uated separately. A mathematically correct answer that cannot be visualized, parsed,
or further manipulated by software components may still reduce the overall usefulness of
the interaction. Consequently, successful integration of LLMs into mathematical software
requires both semantic correctness and structural compatibility.

5.5. Model Suitability for the Equation Wizard Environment

The following assessment should be interpreted as an exploratory qualitative compar-
ison within the scope of the experiments performed in this study rather than as a universal
ranking of contemporary LLM services. It reflects the observed behavior of the evaluated
models under the adopted experimental conditions and with the selected benchmark tasks,
and should therefore be interpreted as a practical indication of their suitability for inte-
gration with the Equation Wizard environment rather than as a general measure of their
mathematical capabilities.

Within the evaluated task set and under the experimental conditions adopted in this
study, gemini-flash exhibited the most favorable balance between mathematical correctness,
syntactic compliance, and responsiveness. This observation should be understood in the
context of the benchmark used in this work and the specific requirements of the Equation
Wizard environment. The obtained results suggest that gemini-flash appears particularly
suitable for integration into the investigated Al-enhanced mathematical editing workflow.

A broader benchmark covering additional mathematical domains, larger task sets,
and user-centered evaluation studies would be required before stronger conclusions re-
garding general model superiority could be justified.

Nevertheless, gpt-5 remains a strong alternative in scenarios where maximum reason-
ing accuracy is required and longer response times are acceptable. The obtained results
provide preliminary evidence that selected frontier LLM services can be effectively inte-
grated into multimodal mathematical editing environments. However, further studies
involving larger task sets, broader groups of users, and dedicated usability evaluations are

https:/ /doi.org/10.3390/electronics15143142


https://doi.org/10.3390/electronics15143142

Electronics 2026, 15, 3142

26 of 29

required before educational or accessibility-oriented deployment recommendations can be
formulated with greater confidence.

5.6. Limitations

Several limitations should be acknowledged.

First, although the number of experiments was expanded and additional categories
such as trigonometric, logarithmic, inequality, and parameter-based tasks were included,
the benchmark remains limited in comparison with large-scale mathematical evalua-
tion suites.

Second, the study intentionally focuses on symbolic mathematical expressions suitable
for direct manipulation within a mathematical editor. Consequently, text-formulated
problems and broader educational scenarios were outside the scope of the experiments.

Third, the evaluated systems were accessed through provider-hosted REST services.
Therefore, the observed responsiveness reflects the behavior of the complete service archi-
tecture rather than isolated model inference speed.

Finally, the investigated models evolve continuously and may change over time.
The reported results should therefore be interpreted as observations obtained under specific
experimental conditions rather than permanent characteristics of individual models.

6. Summary

This study investigated the quality of Al-enhanced human—computer interaction
within a multimodal equation editor, particularly the ability of selected large language
models to solve mathematical problems at the level of a Polish high school final exam.
The experiments were conducted using the Equation Wizard enhanced with an Al assistant
module and mobile assistant providing voice interface. Al assistant for Equation Wizard
enables structured interaction with LLMs and supports MathML, IATEX and internal EQED
representations. Each model was evaluated on a set of representative tasks, including
solving equations, computing limits, and evaluating sequence terms. The assessment
considered not only mathematical correctness, but also syntactic validity of the results in
the assumed math encoding format, which significantly affects the quality of visualization
as well as the response time—the key factor influencing the total user experience.

The study confirms that contemporary LLM services can be integrated effectively into
multimodal mathematical editing environments, although substantial differences exist be-
tween model families with respect to correctness, syntactic compliance, and responsiveness.
The results further demonstrate that mathematical correctness and formal compatibil-
ity constitute partially independent dimensions of performance and should therefore be
evaluated separately when Al services are integrated with mathematical software.

The results obtained within the adopted experimental configuration show notice-
able differences between the evaluated models with respect to accuracy and reliability.
Within the evaluated benchmark, GPT-5, Grok-4, and Gemini consistently demonstrated
strong performance in multi-step reasoning tasks, albeit not without limitations. In particu-
lar, some models exhibited sensitivity to prompt formulation, as observed in Experiment
5. At the same time, faster models such as GPT-40 and GPT-40-mini consistently under-
performed in terms of correctness, despite very low latency. The experiments further
revealed an inconsistency between the models” semantic understanding of custom-encoded
input and their syntactic fidelity in generating mathematically equivalent output in the
same encoding. This limitation indicates that even when the numerical result is correct,
deviations from the prescribed output syntax or formatting can significantly reduce the
practical usability of the solutions generated by LLMs.

The obtained results allow the research questions to be answered as follows.
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RQ1 was answered positively. Contemporary LLM services can be effectively in-
tegrated into multimodal mathematical editing environments and successfully support
solving representative secondary school mathematical problems.

RQ2 revealed substantial differences between models with respect to syntactic com-
pliance. Several mathematically correct solutions could not be directly processed by the
Equation Wizard because of formatting inconsistencies, confirming that correctness and
formal compatibility should be evaluated separately.

RQ3 showed that, within the investigated Equation Wizard workflow, the most practi-
cally useful models were those combining high mathematical correctness with acceptable
responsiveness and stable EQED generation. The results indicate that overall usefulness
depends on the balance of these factors rather than on response speed alone.

The experimental results support Hypotheses 1 and 2. Hypothesis 3 was partially
confirmed: models with the shortest response times did not consistently provide the best
overall user experience, whereas correctness and reliability proved more important for
practical use within Al-assisted mathematical problem-solving environments.

The main conclusion is that no single model is optimal in all aspects, but a clear
trade-off exists between accuracy and response time. Within the evaluated task set and
experimental conditions, gemini-flash demonstrated the most favorable balance between
correctness, syntactic compliance, and responsiveness. Within the investigated experimen-
tal configuration, GPT-5 appeared to be a strong alternative for high-precision tasks, while
other models may still be suitable in scenarios where response speed is prioritized over
reliability. These findings highlight the importance of evaluating LLMs not only in terms
of raw accuracy, but also in the context of structured workflows and user interaction con-
straints, as they operate in a particular environment and build dedicated human—computer
interaction process.

Perhaps the most important observation is that mathematical correctness does not
necessarily imply syntactic compatibility with downstream software tools. Several models
successfully solved mathematical tasks while simultaneously generating outputs that could
not be reliably processed by the editor. This distinction appears particularly relevant for
future Al-assisted mathematical software.

Future work should include larger groups of participants, extended mathematical bench-
marks, and dedicated usability studies in educational and accessibility-oriented scenarios.
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