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Abstract

We propose a novel system, GeoProblem Factory, designed
to effectively generate high-quality geometry problems for
intelligent education. The system enables to efficiently pro-
duce batches of geometry problems for teachers and students,
either to save time and manual effort or to support personal-
ized learning. Generating geometry problems is particularly
challenging, as it requires ensuring both solvability and con-
trollability from a pedagogical perspective. To address these
issues, we adopt a state-of-the-art pipeline method based on
a symbolic deduction engine and develop a visual interaction
demo. This demo allows users to easily refine the generated
problems through visual operations. It provides two modes
for inputting controllable information: specifying knowledge
points or supplying a reference problem. Moreover, the sys-
tem can automatically generate a preliminary geometric dia-
gram corresponding to each problem for further refinement.
Through human—machine interaction, the system can more
efficiently produce high-quality geometry problems than ever.

Introduction

In mathematical education, geometry problems play an
important and unique role in cultivating students’ log-
ical abilities. Unlike math word problems, which em-
phasize language comprehension, mathematical modeling,
and equation derivation, geometry problems focus on spa-
tial imagination, computational and reasoning skills, as
well as the mastery of geometric theorems and prop-
erties (Liu et al. 2020). Geometry problems are widely
needed for ability evaluation in various scenarios such as
quizzes, homework, and examinations. However, creating
these problems—especially novel ones tailored for person-
alized learning (Polozov et al. 2015; Bernacki and Walk-
ington 2018)—often requires considerable time and effort
from problem designers (Wang, Lan, and Baraniuk 2021;
Cao et al. 2022). Therefore, developing a tool to accelerate
the problem-generation process is of great significance.
Designing a system for generating geometry problems is a
non-trivial task. Traditionally, ensuring the quality of gener-
ated problems has relied heavily on the expertise of problem
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designers, a process that is both time-consuming and ineffi-
cient (Jiao et al. 2023). With the rapid advancement of large
language models (LLMs), which excel at content genera-
tion, the challenges of cost and efficiency have been largely
mitigated. However, problem quality—particularly in terms
of solvability and controllability—remains difficult to guar-
antee (Li and Zhang 2024; Christ, Kropko, and Hartvigsen
2024; Liu et al. 2024). Therefore, it is essential to develop
a geometry problem generation system that simultaneously
achieves high quality, low cost, and high efficiency.

To develop such a generation system, we first analyze the
format and structure of a geometry problem to clarify its
essential components. A typical geometry problem usually
consists of a textual description containing several clauses
and a final question. The clauses provide the given condi-
tions, while the question is typically stated in the last sen-
tence. In some cases, a geometric diagram is included to help
illustrate the problem. The solution is a strict, step-by-step
reasoning process based on geometric theorems or proper-
ties, often expressed in formal language (Chou, Gao, and
Zhang 2000; Ida and Fleuriot 2013; Murphy et al. 2024).
We also use the term knowledge points to denote the geo-
metric theorems or properties involved. We refer to the prior
work (Jiang et al. 2025) and more details can be found there.

More specifically, we propose a demo system called Geo-
Problem Factory, which integrates front-end visual interac-
tion technologies with a state-of-the-art back-end pipeline
method for problem generation. On the front end, we de-
sign two modes that allow users to provide controllable
variables to initialize the generation process. To enhance
visualization, the generated problems are represented in a
graph structure, where users can choose base problems, ad-
just nodes to modify the final question, and change the path
length to adjust the problem’s difficulty. On the back end,
we incorporate the Symbolic Deduction Engine-based Ge-
ometry Problem Generation framework (SDE-GPG) (Jiang
et al. 2025), which effectively ensures the solvability and
controllability of the generated problems, and encapsulate
it as an API service. By integrating the front and back
ends through API protocols, the demo system supports ef-
ficient generation of quality geometry problems via visual
human-machine interaction.
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Figure 1: Process of using GeoProblem Factory.

System Overview

GeoProblem Factory integrates a front end for interactive
control with a back end for generating batches of geometric
problems, where Figure 1 shows how the users can use it.

Front-End Visual Interaction

The front end provides an intuitive interface that supports
two controllable modes. In Mode 1 (as shown in Figure 2
(a)), users select from a three-tier structured tree of 43 ge-
ometry knowledge points', optionally with multi-selection,
and specify both difficulty level (from Easy to Expert) and
the number of problems to generate. In Mode 2, users input
an existing problem for reference, and the system automat-
ically extracts its underlying knowledge points to guide the
creation of new variations. These two entry points provide
flexible initialization of problem generation for different ed-
ucational scenarios.

After configuration, users trigger generation by clicking
the Generate button. The system displays a progress bar and
then presents results through candidate problems, a reason-
ing graph and accompanying geometric diagrams (as shown
in Figure 2 (b) and (¢)). In the reasoning graph, nodes denote
conditions, intermediate facts, or conclusions, and edges in-
dicate deduction steps. When users click a base problem
among candidates or choose a reasoning path, the right part
correspondingly switch to the detailed information of the
selected problem. The graph-based view makes the logical
structure of each problem explicit, while the automatically
drawn diagram provides a visual complement.

The interface also supports interactive refinement (as
shown in Figure 2 (d)). Users can change the focus by se-
lecting a different endpoint in the reasoning graph, thereby
altering the problem’s conclusion and difficulty. They also
can drag given condition nodes directly for more clear pre-
sentation, such as modifying a length or angle value. The
system then re-computes a consistent reasoning path in real
time, updating the graph, text, and diagram simultaneously.

!This volume is what we can support now (limited in Euclidean
plane geometry), and the range can be expanded by adding knowl-
edge points in the form of formal language (Trinh et al. 2024).
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Figure 2: The snapshot of generated problems with reason-
ing paths and diagrams.

Back-End Problem Generation Pipeline

The back-end pipeline connects to broader work on for-
mal theorem proving and proof assistants (De Moura et al.
2015; Moura and Ullrich 2021). The back end is built on the
SDE-GPG framework (Jiang et al. 2025) and AlphaGeome-
try (Trinh et al. 2024), which are used to produce problems
that are both solvable and controllable.

The system first translates user inputs into formal ini-
tial conditions: Mode 1 maps knowledge-point selections
via a curated table, while Mode 2 uses reference prob-
lems as premises. Next, the symbolic deduction engine ap-
plies geometric theorems to derive new facts, with reason-
ing depth controlled by user-specified difficulty. A checker
module then validates candidate problems by ensuring all
knowledge points are used, conditions are non-redundant,
and solution length matches the target range. Finally, re-
tained problems are converted into natural-language state-
ments and diagrams, producing a complete package includ-
ing the problem, reasoning graph, and diagram. The details
of the method can be referred to the aforementioned works.

Case Studies

We apply our demo system to several cases. Figure 2 illus-
trates the interface of GeoProblem Factory, where generated
problems are displayed with reasoning graphs and diagrams.
For more detailed demonstrations of the interactive features,
please refer to the supplementary demo video.

Conclusion

In this paper, we present GeoProblem Factory, a demo sys-
tem designed to efficiently generate batches of high-quality
geometry problems through human—machine visual interac-
tion. On the front end, we develop two modes to initial the
process and implement visualization of reasoning paths and
graph structures to facilitate problem refinement and edit-
ing. On the back end, we employ a cutting-edge geometry
problem generation method based on a symbolic deduction
engine. The integration of both components ensures solv-
ability, controllability, and efficiency simultaneously. Geo-
Problem Factory streamlines the generation process and en-
hances the pedagogical value of the generated problems. Fu-
ture work will focus on extending the system’s interactive
functions and supporting the editing of generated diagrams.
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