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Abstract

Geometry problem solving has garnered increasing atten-
tion due to its potential applications in intelligent educa-
tion field. Inspired by the observation that text often in-
troduces ambiguities that diagrams can clarify, this pa-
per presents Pi-GPS, a novel framework that unleashes the
power of diagrammatic information to resolve textual am-
biguities, an aspect largely overlooked in prior research.
Specifically, we design a micro module comprising a rec-
tifier and verifier: the rectifier employs MLLMs to disam-
biguate text based on the diagrammatic context, while the
verifier ensures the rectified output adherence to geomet-
ric rules, mitigating model hallucinations. Additionally,
we explore the impact of LLMs in theorem predictor based
on the disambiguated formal language. Empirical results
demonstrate that Pi-GPS surpasses state-of-the-art models,
achieving a nearly 10% improvement on Geometry3K over
prior neural-symbolic approaches. We hope this work high-
lights the significance of resolving textual ambiguity in mul-
timodal mathematical reasoning, a crucial factor limiting
performance. The code for Pi-GPS is publicly available at:
https://github.com/hellozting/Pi-GPS.

1. Introduction
Geometry Problem Solving (GPS) aims to derive solutions
from a textual problem description and its corresponding di-
agram. As a distinct and pivotal aspect of multimodal math-
ematical reasoning, GPS requires a nuanced understand-
ing of visual shapes, intricate spatial relationships, sym-
bolic abstraction, and logical inference across both textual
and diagrammatic inputs. This makes it a long-standing
challenge in mathematical reasoning and artificial intelli-
gence [8, 14, 21, 28, 35]. While recent notable mile-
stones [3, 33] such as the gold-medal-level solution to
geometry problems using AlphaGeometry2 [11] have ex-
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Problem Text Parsed Text Formal Language Diagram

The rectangle is inscribed 

into the circle. Find the 

exact circumference of the 

circle.

InscribedIn(Rectangle($),Circle($))  

Find(CircumferenceOf(Circle($)))

The two polygons are 

similar. Find UT.

Similar(Polygon($1),Polygon($2))

Find(LengthOf(Line(U,T)))

Find the area of the 

shaded region. Round to 

the nearest tenth.

Find(AreaOf(Shaded(Shape($))))

Figure 1. Illustrating the ambiguity presented in text. Text alone
offers insufficient information to resolve the ambiguity, and disam-
biguation becomes straightforward when supported by a diagram.

hibited remarkable achievements, these efforts predomi-
nantly focus on language processing, neglecting the dia-
grammatic component of the problem. However, GPS tran-
scends language-based reasoning, demanding a profound
understanding and manipulation of diagrammatic informa-
tion, an enduring challenge in the field.

Existing approaches to GPS can be broadly categorized
into symbolic [4, 30] and neural-based methods [8, 13, 16–
18, 22, 31, 37, 38, 40, 42–45]. Symbolic methods, grounded
in formal logic and mathematical rigor, rely on explicit
theorem databases and symbolic manipulation to construct
logically sound reasoning paths. These methods excel in
providing interpretable steps and ensuring formal correct-
ness. However, the predefined rules may struggle to accom-
modate diverse problem types. In contrast, neural-based
approaches leverage data-driven learning to generate solu-
tion paths from vast training datasets. These models of-
fer flexibility and scalability, handling problems of vary-
ing complexity. However, their reliance on large, high-
quality annotated datasets and the lack of rigorous cor-
rectness guarantees pose significant limitations. Therefore,
many works [21, 25, 36, 46] attempt to combine the proce-
dural power of symbolic models with the general power of
neural models. Such hybrid approaches in general involves
two key steps: parsing and reasoning. Parsing entails ex-
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tracting formal language representations from the diagram
and the accompanying text, while reasoning employs these
parsed elements to predict and apply relevant theorem rules,
ultimately constructing a logical path that leads to the final
solution. This paper also builds on this emerging direction,
offering novel insights about the pivotal role of diagram-
matic information.

In this paper, we propose Pi-GPS, unleashing the power
of diagrammatic information for enhancing geometry prob-
lem solving. Our work is inspired by the observation that
text often conveys ambiguity in ways that diagrams, by na-
ture, cannot easily accommodate [32]. However current
approaches typically parse text and diagrams independently,
resulting in ambiguities remain unresolved in text and fur-
ther undermines the subsequent theorem prediction stage as
the predictor’s understanding of the problem is constrained.
For instance, consider a text reference to ”a shape.” This
could refer to a variety of geometric forms, such as a tri-
angle, rectangle, or circle. Yet the text alone offers insuffi-
cient information to resolve the ambiguity. In contrast, we
can easily disambiguate the reference when supported by a
diagram, as the visual context clarifies the intended mean-
ing. Figure 1 provides several examples that highlight the
ambiguities present in the text.

In light of this, our objective is to enhance geometry
problem solving by introducing a micro module that re-
solves textual ambiguities through the diagrammatic infor-
mation. We identify three primary sources of these ambi-
guities: (1) unspecified points (e.g., missing point names),
(2) unspecified shapes (e.g., missing shape names), and (3)
unspecified areas (e.g., computing shaded areas). To ad-
dress these, we leverage Multimodal Large Language Mod-
els (MLLMs) to develop an error-correcting tool, rectifier,
capable of automatically detecting and rectifying these am-
biguities given the diagram as input. Additionally, we de-
sign a verifier to mitigate MLLM’s hallucination by verify-
ing the disambiguated text aligns with diagrammatic heuris-
tics (e.g., closed-loop shapes), which we show is pivotal in
the experiments. We also explore the impact of recent ad-
vanced LLMs for reasoning, o3-mini [24], in predicting the-
orem order, and present valuable analysis.

Experimentally we demonstrate our framework Pi-GPS,
by resolving ambiguities in text, significantly outperforms
state-of-the-art baselines on both Geometry3K [21] and
PGPS9K [42] benchmarks. We hope this work will draw
attention to the crucial need for resolving text ambiguity in
formal language space, an aspect often overlooked in previ-
ous research, and underscores its significance in advancing
geometry problem solving.

In summary, our key contributions are:

• Perspective. We identify that text ambiguity is a key fac-
tor hindering the performance of geometry problem solv-
ing, which has been overlooked in prior works.

• Methodology. We propose a micro module to address
text ambiguity, comprising a rectifier and a verifier. The
rectifier powered by a MLLM refines text with diagram-
matic information, while the verifier ensures alignment
with diagrammatic heuristics. These components work in
tandem to reduce ambiguity, which is further evaluated
on theorem prediction using a strong reasoning LLM.

• Evaluation. The resulting framework, Pi-GPS, achieves
the state-of-the-art performance, with a nearly 10% im-
provement on Geometry3K over prior neural-symbolic
approaches. We also provide strong evidence support-
ing the efficacy of the proposed module, and present an
in-depth analysis.

2. Related Works
Geometry Problem Solving. Recent advancements in au-
tomated GPS [4, 28, 30] have attracted considerable atten-
tion due to the inherent complexity and unique challenges it
presents. One prominent approach to GPS has been the use
of language models that treat it as a specialized form of text
generation. Notable examples include GeoQA [8] and Uni-
Geo [9]. These models leverage large-scale pre-trained lan-
guage models to generate solutions by interpreting geome-
try problems as text-based tasks. PGPS-Net [42] improved
upon these models by enhancing the performance of neural
network-based approaches. These methods struggle to ac-
curately capture the complex relationships between geomet-
ric entities in diagrams. LANS [18] circumvents this issue
by incorporating diagram annotation, however, such anno-
tations are not always accessible. Additionally, the vector
representations used by these models lack interpretability,
resulting in unreliable or inconsistent solutions. In con-
trast, symbolic systems approach GPS from a more struc-
tured, interpretable angle, such as GEOS [29] and Inter-
GPS [21]. They convert problem statements and diagrams
into structured formats, enabling the application of sym-
bolic solvers based on known geometric theorems. This ap-
proach enhances the interpretability of the problem solving
process, yielding more precise solutions. A significant ad-
vancement in GPS was the introduction of PGDP [41], the
first end-to-end diagram parsing method for geometry prob-
lems. This was further used in works like GeoDRL [25] and
E-GPS [36], which enhanced solution accuracy and robust-
ness through techniques such as theorem library augmenta-
tion and theorem sequence prediction. Our study introduces
a novel micro module to resolve ambiguities in textual prob-
lem statements, which is orthogonal and can be plugged into
existing neural-symbolic frameworks.
MLLMs for Mathematical Reasoning. Early research in
multimodal learning focused on leveraging attention mech-
anisms to align image and text representations. A key
breakthrough came with CLIP [27], which learned trans-
ferable visual representations through natural language su-
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Figure 2. Illustrating the pipeline of our Pi-GPS: the overall framework is shown on the left and the text disambiguation module is depicted
on the right, which plays a crucial role in resolving text ambiguity, enhancing performance. REX stands for regex pattern matching.

pervision, laying the foundation for subsequent large-scale
multimodal models. Building on this, the LLaVA series [13,
19, 31] introduced visual instruction-tuning, linking a visual
encoder to a language model via a simple multi-layer per-
ceptron. Subsequent works [2, 7, 20, 34] expanded MLLMs
by incorporating novel visual perception modules and hy-
brid vision encoders, enhancing their ability to address in-
creasingly complex tasks. As model scale has grown, so
too has their ability to perform sophisticated contextual and
mathematical reasoning [5, 12, 26]. More recently, models
like MathGLM-Vision [39] and Math-LLaVA [31] have in-
troduced chain-of-thought reasoning and intermediate-step
generation, enabling problem solving by breaking down
complex tasks into manageable steps. Despite their impres-
sive contextual reasoning abilities, MLLMs still face chal-
lenges such as hallucination, which is particularly problem-
atic in mathematical reasoning tasks. In our work, we uti-
lize MLLMs to generate diagrammatic information for text
disambiguation, framing this as a more tractable task within
the zero-shot capabilities of these models.

3. Method

In geometry problem solving, the Diagram represents the
geometric figure, while the Problem Text provides the tex-
tual description, including the problem’s objective (e.g.,
”Find the length of EH”). The goal is to solve for the cor-
rect answer corresponding to the given pair. To achieve this,
we propose Pi-GPS, as illustrated in Figure 2. The frame-
work comprises a parser and a reasoner. Distinct from pre-
vious symbolic approaches, we propose a text disambigua-
tion module that leverages the diagrammatic information to
resolve text ambiguity, and we introduce a theorem predic-
tor using an LLM given the disambiguated formal language.

3.1. Parser

Text Parser. A critical step in solving geometry problems
is extracting relevant information from the problem state-
ment, particularly identifying the premises and the goal of
the problem. This extraction process can be categorized into
rule-based methods and deep neural network-based meth-
ods. Traditional rule-based parsing techniques have been
shown to provide relatively precise results. Although deep
neural networks excel in sequence-to-sequence (Seq2Seq)
tasks such as machine translation, previous research [21]
suggests that Seq2Seq-based semantic parsers struggle with
geometry problems. This is primarily due to the limited size
of geometric datasets and the tendency of neural parsers to
introduce noise into the output.

To achieve more accurate parsing, we utilize a rule-based
text parser following [21, 25, 36]. This parser analyzes the
problem text by applying regular expressions to identify ba-
sic elements, numerical values, and their interrelationships.
The parser automatically generates a set of propositions PT

and identifies the problem target t∗ from the text.
Diagram Parser. As with previous work [25, 36], we em-
ploy PGDPNet [41], an end-to-end neural network-based
model that efficiently extracts basic elements such as points,
lines, and circles from geometric figures along with their
logical relationships, and generates a formal set of proposi-
tions. This approach achieves state-of-the-art performance
in geometric diagram parsing.
Text Disambiguation Module. Previous studies [25, 36]
have typically concatenated the parsing results from text
and diagram parsers in a straightforward manner. While
each parser performs well within its respective modality,
the disconnect between textual and visual representations
often leads to unresolved ambiguities, impeding subsequent
solving process and thus degrading the overall accuracy. To
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Problem Text Formal / Disambiguated Formal Diagram

The rectangle is 
inscribed into the 

circle. Find the exact 
circumference of the 

circle.

InscribedIn(Rectangle($),Circle($))  
Find(CircumferenceOf(Circle($)))

InscribedIn(Rectangle(A,B,E,D),
Circle(C))  

Find(CircumferenceOf(Circle(C)))

Q is the centroid and 
BE = 9. Find BQ.

IsCentroidOf(Point(Q),Shape($))

IsCentroidOf(Point(Q)
Triangle(A,C,B))

Find the area of the 
shaded region. 
Assume that the 

polygon is regular 
unless otherwise 

stated. 

Regular(Polygon($))
Find(AreaOf(Shaded(Shape($))))

Regular(Triangle(A,E,G))
Find(Minus(AreaOf(Triangle(A,E,G)), 

AreaOf(Circle(D))))

Figure 3. Illustrating several examples, showing the proposed text
disambiguation module is capable of resolving text ambiguity.

overcome this issue, we propose a novel module incorpo-
rating a rectifier and a verifier, as illustrated in Figure 2.
(i) Rectifier using MLLM. The primary objective of the
rectifier is to resolve ambiguities in the output of the text
parser by leveraging the diagram through a MLLM. Upon
analyzing the sources of ambiguity, we categorize the root
causes into three distinct types, which are as follows:
• Unspecified points: The text parser can identify

specific geometric shape but fail to associate them
with explicit points. For example, in the relationship
CircumscribedTo(Square($), Circle($)),
the parser recognizes that a square is circumscribed to a
circle but does not specify the defining points (vertices)
of the square or circle.

• Unspecified shapes: The text parser, although capable
of recognizing certain geometric constructs, fails to cor-
rectly map or associate them with predefined shapes or
geometric entities in the system. This limitation is evident
in expressions like IsAltitudeOf(Line(C,P),
Shape($)), where the absence of explicit shape identi-
fication impedes effective interpretation.

• Unspecified areas: The text parser indicates that the
formal language specifies graphical elements, such as
Find(AreaOf(Shaded(Shape($))). This implies
the need to determine the area of a shaded region, typi-
cally representing areas of interest within a diagram.
The rectification process begins by employing regular

expressions to identify unknown identifiers, represented by
the symbol ’$’, and determine the type of ambiguity. For
each identified ambiguity, a specific prompt is crafted based
on its nature, and the MLLM is used to resolve the issue
by referencing both the Diagram and Problem Text. The
incorporation of diagrammatic information is crucial, as it
provides supplementary context to improve resolution ac-
curacy. However, the potential for hallucination must be
carefully managed, as it could compromise the accuracy of
the rectification. Meanwhile, generating output in a formal

language poses a significant challenge for MLLMs, as abso-
lute precision is essential, any deviation such as an incorrect
character and misplaced parenthesis can invalidate the out-
put. This motivates us to design a verifier based on diagram
heuristics, ensuring its correctness.
(ii) Verifier using Diagram Heuristics. We propose a Log-
ical Reasoning Verifier that utilizes diagram heuristics de-
rived from the diagram parser to ensure the consistency of
outputs generated by the MLLM with the provided geomet-
ric diagram. This verifier incorporates three key heuristics
for examining the rectified output:
• Entity existence verification. MLLMs may generate ge-

ometric entities such as points, lines, or circles that do not
correspond to actual elements in the diagram. We use the
entity instances identified by the diagram parser to cross-
check the MLLM’s output, ensuring consistency with the
original diagram.

• Shape closure and order validation. A common issue
occurs when points within a geometric shape fail to form
a closed figure or are ordered incorrectly. For instance,
a pentagon labeled Pentagon(A,B,D,E,C) may be erro-
neously output as Pentagon(A,B,C,D,E). To rectify this,
we construct a graph representing the diagram, checking
for connectivity and cyclic properties, and ensure each
node has the correct degree for valid closure. If the points
are ordered incorrectly, we reorder the vertices based on
the graph structure to ensure proper shape formation.

• Geometry consistency of vertices. The MLLM-
generated vertices may not always align with the intended
geometry shape. We apply analytical geometry tech-
niques to verify that the vertices match the intended shape
based on their coordinates.
When discrepancies arise, feedback from the verifier is

incorporated into the rectifier, creating a loop that allows
the MLLM to iteratively adjust and refine its output. Ex-
perimental results demonstrate that the verifier plays a cru-
cial role in ensuring adherence, thereby enhancing geomet-
ric problem solving accuracy.

3.2. Reasoner
The reasoner typically comprises a predictor for theorem
order prediction and a solver that applies the theorems in
the predicted order to derive the final solution.
Theorem predictor. Accurately predicting the correct se-
quence of theorems is essential for deriving solutions and
ensuring the interpretability. Previous approaches [21, 36]
have used transformer-based models, framing theorem se-
quencing as a sequential prediction task. Additionally, some
study [25] has applied reinforcement learning to improve
theorem prediction accuracy. However, a major limitation
of these methods is their reliance on annotated problem
solving sequences for training, which are often scarce or
expensive to generate, particularly in specialized domains
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Methods Accuracy Steps Question Type Geometric Shape

Angle Length Area Ratio Line Triangle Quad Circle Other

Human [21] 56.9 – 53.7 59.3 57.7 42.9 46.7 53.8 68.7 61.7 58.3
Human Expert [21] 90.9 – 89.9 92.0 93.9 66.7 95.9 92.2 90.5 89.9 92.3
Gemini 2 [15] 60.7 – 58.9 61.8 57.5 68.8 54.1 62.7 45.5 57.7 58.3
Claude3.5 Sonnet [6] 56.4 – 54.9 57.3 53.6 64.6 49.4 58.6 40.9 57.9 53.9
GPT-4o [1] 58.6 – 55.6 59.3 55.1 70.6 51.4 60.4 43.1 59.0 56.7
Inter-GPS [21] 57.5 7.1 59.1 61.7 30.2 50.0 59.3 66.0 52.4 45.5 48.1
GeoDRL [25] 68.4 – 75.5 70.5 22.6 83.3 77.8 76.0 62.9 59.4 48.1
E-GPS [36] 67.9 1.63–2.28 78.3 67.2 27.7 72.2 76.1 75.6 59.4 55.0 51.8
Pi-GPS (ours) 77.8 2.31–4.12 83.9 81.4 59.0 81.2 79.6 83.9 76.4 73.0 69.4

Table 1. Comparison of geometry problem solving on the Geometry3K dataset. Our method consistently outperforms all baseline models.
Accuracy, Steps, and additional metrics are reported for different question types and geometric shapes. Best results are highlighted in bold.

requiring domain-specific expertise. Building on recent
advancements, we draw inspiration from AlphaGeo [33],
which demonstrates the potential of LLMs in symbolic de-
duction. In this work, we explore the application of ad-
vanced LLMs, specifically the o3-mini [24], by prompt-
ing the model with a library of geometry theorem knowl-
edge. The model then generates the most appropriate or-
der of theorems based on disambiguated text and diagram
formals. This approach reduces dependence on labeled
data and leverages the generalization capabilities of mod-
ern LLMs.
Solver. Our solver framework builds upon the approach
in [21] and incorporates the expanded theorem library
from [25]. We have modified the logical framework to ac-
commodate the extended formal language, specifically to
address shadow regions and other special cases. The solver,
along with the extended theorem library, is also employed
in the experimental baselines for a fair comparison.

4. Experiments

4.1. Settings
Datasets. We conduct experiments using the Geome-
try3K [21] and PGPS9K [42] datasets. Geometry3K con-
sists of 3,002 geometry problems, partitioned into 2,101
for training, 300 for validation, and 601 for testing. Each
problem is accompanied by a geometric diagram, problem
text, and formal language parsing annotations. It covers a
diverse range of geometric shapes, including lines, trian-
gles, circles, quadrilaterals, and other polygons, making it a
comprehensive benchmark. PGPS9K, an expanded version
of Geometry3K, contains 9,022 geometry problems paired
with 4,000 unique diagrams. Of these, 2,891 problems
with 1,738 diagrams are sourced from Geometry3K, while
the remaining problems are collected from five widely-used
mathematics textbooks for grades 6-12, covering nearly all
plane geometry problem types for these educational levels.
Metrics. Building on the methodologies of prior stud-
ies [21, 42], we adopt two evaluation schemes: Comple-
tion and Choice, to assess the numerical performance of our

methods. The Completion metric gauges the model’s abil-
ity to generate the first executable solution program as its
final output. The Choice metric measures the model’s abil-
ity to correctly select an option from four candidates, with
random selection as a fallback when the generated answer
does not match any provided options. Performance is eval-
uated based on accuracy.
Baselines. We conduct a comprehensive comparison be-
tween our proposed method and state-of-the-art models
across various categories to analyze their performance in
geometry problem solving tasks. For neural solvers, we
evaluate several prominent models: NGS [8], which uses a
ResNet-101 architecture for encoding geometric diagrams;
Geoformer [10], which employs the VL-T5 model for dia-
gram encoding followed by a Transformer-based processing
architecture; SCA-GPS [23], which introduces a novel strat-
egy for geometric problem-solving; PGPSNet [42], which
combines CNN and GRU encoders to enhance geomet-
ric reasoning; LANS [18], a layout-aware neural solver;
as well as GOLD [40], which converts geometry dia-
grams into natural language descriptions. In the realm
of neural-symbolic solvers, we compare with the classical
Inter-GPS [21] and two advanced models: GeoDRL [25],
which improves Inter-GPS’s search strategy by integrating
logical graph deduction and deep reinforcement learning;
and E-GPS [36], which combines top-down and bottom-
up reasoning to match the performance of other methods
with fewer steps and improved explainability. Additionally,
we report results from leading MLLMs, including Qwen-
VL [7], GPT-4o [1], Gemini 2 [15], and Claude 3.5 Son-
net [6], which represent cutting-edge visual reasoning capa-
bilities. It is important to note that our method does not re-
quire ground-truth parsing (neither diagram annotation nor
text annotation). We adopt the expanded theorem set from
GeoDRL, which is also utilized by other methods that re-
quire a theorem base for fair comparison.

4.2. Results
We present a detailed comparison of our method with both
MLLMs and neural-symbolic baselines on the Geometry3K
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Category Method
Geometry3K PGPS9K

Completion Choice Completion Choice

MLLMs

Qwen-VL [7] 22.1 26.7 20.1 23.2
GPT-4o [1] 34.8 58.6 33.3 51.0
Claude 3.5 Sonnet [6] 32.0 56.4 27.6 45.9
Gemini 2 [15] 38.9 60.7 38.2 56.8

Neural Methods

NGS [8] 35.3 58.8 34.1 46.1
Geoformer [10] 36.8 59.3 35.6 47.3
SCA-GPS [23] - 76.7 - -
GOLD∗ [40] - 62.7 - 60.6
PGPSNet-v2-S∗ [43] 65.2 76.4 60.3 69.2
LANS (Diagram GT)∗ [18] 72.1 82.3 66.7 74.0

Neural-symbolic Methods

Inter-GPS [21] 43.4 57.5 - -
GeoDRL [25] 57.9 68.4 55.6 66.7
E-GPS [36] - 67.9 - -
Pi-GPS (ours) 70.6 77.8 61.4 69.8

Table 2. Comparison on Geometry3K and PGPS9K. Our method achieves the best performance (highlighted in bold) compared to the
neural-symbolic methods. Note that all baselines except LANS use parsed results, while LANS uses textual clauses and point positions
from diagram annotations. * indicates that GOLD, PGPSNet and LANS are trained on the larger dataset, PGPS9K.

dataset, as summarized in Table 1. Our method consis-
tently outperforms all baseline models, demonstrating su-
perior performance, and even surpassing human experts in
certain subcategories, such as the ratio question type. While
MLLMs excel in general multimodal tasks, they exhibit
limitations when applied to specialized mathematical geom-
etry problems. These challenges stem from MLLMs’ diffi-
culty in accurately parsing geometric diagrams, performing
complex reasoning, and executing precise numerical com-
putations. In contrast, our method not only achieves sig-
nificantly better results but also offers greater interpretabil-
ity. Compared to neural-symbolic baselines, our approach
achieves the highest performance, with an impressive im-
provement of nearly 10% over the two strong baselines, E-
GPS and GeoDRL. This improvement highlights the sub-
stantial impact of text ambiguity, an often overlooked fac-
tor in prior work. Our category analysis reveals that text
ambiguity affects all categories, with the most significant
impact observed in the area question type, where the text
frequently refers to ”the area” without a specific identifier,
exacerbating the ambiguity.

To further validate the effectiveness of our approach, we
present additional comparisons on the PGPS9K dataset for
both completion and choice evaluation tasks, as shown in
Table 2. Notably, compared to the state-of-the-art neural-
symbolic method, GeoDRL, our method achieves improve-
ments of 5.8% and 3.1% on the PGPS9K dataset in terms
of completion and choice respectively. These results high-
light the efficacy of our approach in interpreting the se-
mantic intent of problem statements, a capability enabled
by the integration of our text disambiguation module. Ad-
ditionally, we provide a comprehensive comparison with

Text disam. Theorem pred. Completion Choice Steps

60.7 70.6 2.85-6.03
✓ 68.9 76.6 2.85-6.03

✓ 63.2 72.3 2.31-4.12
✓ ✓ 70.6 77.8 2.31-4.12

Table 3. Illustrating the effect of text diambiguation module (Text
disam.) and theorem predictor (Theorem pred.) on Geometry3K.
The text disambiguation module plays a critical role with its espe-
cially significant impact in driving performance improvement.

competitive neural methods. Notably, LANS [18], the
top-performing neural model, relies on textual clauses and
point positions derived from diagram annotations. This re-
liance on ground-truth annotations significantly boosts per-
formance. Both LANS and PGPSNET were trained on the
large-scale PGPS9K dataset. However, neural-based meth-
ods typically suffer from a lack of interpretability. In con-
trast, our method advances the field of interpretable geom-
etry problem solving by addressing the critical issue of text
ambiguity, a challenge often overlooked in previous work.

4.3. Analysis

We provide an in-depth analysis about the framework of our
Pi-GPS by conducting comprehensive ablation studies on
Geometry3K dataset.
Text disambiguation module is pivotal in Pi-GPS. We
first conduct an ablation study to analyze the impact of two
key components in Pi-GPS: the text disambiguation module
and the theorem predictor utilizing an LLM. When the the-
orem predictor is disabled, a traversal strategy is employed.
The comparison results are presented in Table 3. Notably,
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Method Completion Choice

Ours w/o Text disam. 63.2 72.3
+ Rectifier (general prompt) 62.4 71.9
+ Rectifier (specific prompt) 64.2 73.3

+ Verifier 70.6 77.8

Table 4. Illustrating the roles of the rectifier and verifier in the text
disambiguation module on Geometry3K.

the superior baseline performance relative to prior work is
largely attributed to our self-trained PGDP model, which
may exhibit enhanced diagram parsing capability. However,
even with this strong baseline, both proposed components
continue to significantly improve performance. Specifi-
cally, by integrating the proposed theorem predictor, the
number of solving steps is reduced. More importantly, the
text disambiguation module plays a critical role in Pi-GPS,
with its impact being especially pronounced in driving over-
all performance improvement, a consistent enhancement of
over 5% across all cases.
The verifier is critical in text disambiguation module.
We further examine the roles of the rectifier and verifier
components within the text disambiguation module. The
experimental results, summarized in Table 4, also report
the influence of a tailored prompt designed to address spe-
cific text ambiguity scenarios identified via regular expres-
sion (regex) pattern matching. A key observation is that,
without a tailored prompt, applying the general rectifier de-
grades performance due to hallucinations and uncertain-
ties inherent in MLLMs. These factors introduce erro-
neous modifications, reducing disambiguation accuracy. In
contrast, incorporating a tailored prompt improves perfor-
mance beyond the baseline, underscoring the importance of
domain-specific guidance in enhancing the rectifier’s effec-
tiveness. This suggests that explicit contextual cues help
mitigate unintended alterations and improve rectification
precision. Additionally, the verifier significantly enhances
disambiguation, yielding performance gains of 4%–6%.
This highlights its critical role in enforcing consistency and
correctness by systematically validating and refining recti-
fied outputs. These findings collectively demonstrate that
effective coordination between rectification and verifica-
tion, along with domain-specific prompting, is essential for
robust and accurate text disambiguation.
Theorem order prediction is a more manageable task for
LLMs. In our framework, we integrate an LLM to facil-
itate theorem prediction. A natural baseline is to directly
employ an LLM to solve problems using the parsed formal
representations. Given the growing interest in LLMs for
mathematical reasoning, this approach warrants thorough
investigation. We conduct experiments and evaluate LLMs
and MLLMs on their ability to directly solve the problem.
The results are summarized in Table 5. We have several

Task Models CompletionChoice

Direct solv. (MLLM)
GPT-4o 34.8 58.6

Gemini 2 38.9 60.7

Direct solv. (LLM)

GPT-4o 36.5 59.7
DeepSeek-R1 63.9 72.2

o3-mini 66.4 75.5
o3-mini w/o Text disam. 61.4 70.4

Theorem pred. (LLM) o3-mini (ours) 70.6 77.8

Table 5. Illustrating different roles of (M)LLMs in GPS. While
advanced LLMs exhibit strong mathematical reasoning in direct
solution generation, our approach, leveraging LLMs for theorem
prediction, improves both performance and interpretability.

key observations. (1) MLLMs struggle with geometry
reasoning from raw inputs. When treated as LLMs and
provided with parsed text and diagram formal representa-
tions, MLLM, GPT-4o in this case, outperform their di-
rect processing of original problem text and diagrams. This
suggests that current MLLMs face challenges in extracting
logical information from visual diagrams. (2) o3-mini ex-
hibits superior reasoning capabilities. Among the evalu-
ated LLMs, o3-mini consistently achieves the best perfor-
mance when directly applied to problem solving, reaffirm-
ing its effectiveness in mathematical reasoning tasks. (3)
Ambiguities in parsed input significantly degrade per-
formance. When tested with ambiguous parsed text and
diagram representations, o3-mini’s accuracy drops substan-
tially. This again validates our observation that disam-
biguating textual input is important to enhance the model’s
reasoning capabilities, as even strong LLMs struggle with
unresolved ambiguities in mathematical relationships. (4)
Theorem prediction enhances both accuracy and inter-
pretability. Rather than directly solving the problem, our
method leverage LLMs to predict a sequence of theorems
from a predefined theorem base, followed by a dedicated
solver. This structured approach not only improves accu-
racy but also enhances interpretability, which is particularly
valuable in educational settings where step-by-step justifi-
cations are crucial.
The effect of different LLMs in theorem predictor. We
further conduct an ablation study on different LLMs used
in our theorem predictor, with results on the Geometry3K
dataset presented in Table 6. Compared to the vanilla
traversal-based approach, incorporating LLMs improves
solving accuracy while reducing the number of steps re-
quired, thereby enhancing overall efficiency. Notably, all
evaluated LLMs achieve comparable performance, suggest-
ing that theorem order prediction is a well-developed appli-
cation for LLMs, demonstrating their robustness and relia-
bility in this task.
The effect of different MLLMs in rectifier. In our ap-
proach, the rectifier within the text disambiguation mod-
ule utilizes MLLMs to enhance performance. To explore
the impact of different MLLMs on the rectification pro-
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Predictor Completion Choice Steps

Traversal 68.9 76.6 2.85 - 6.03
Claude 3.5 Sonnet 70.2 77.5 2.75 - 4.60

GPT-4o 69.4 77.2 2.62 - 4.41
Gemini 2 69.8 77.2 2.52 - 4.29
o3-mini 70.6 77.8 2.31 - 4.12

Table 6. Illustrating the effect of different LLMs used in theorem
predicton on Geometry3K. All evaluated LLMs achieve compara-
ble performance.

Completion Choice
60
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Geometry3K
MLLMs for Text Disam.

GPT-4o
Claude 3.5 Sonnet
Gemini 2

Figure 4. Illustrating the effect of different MLLMs used in recti-
fier within text disambiguation module.

cess, we conduct an ablation study evaluating multiple well-
established MLLMs and present the results in Figure 4. The
findings indicate that all tested models, regardless of their
inherent capabilities and design variations, yield substan-
tial improvements over the baseline. This demonstrates that
our method’s effectiveness is not dependent on a specific
MLLM but rather highlights its robustness and broad appli-
cability across diverse architectures, reinforcing its general-
izability.

5. Conclusion

In this work, we present Pi-GPS, a novel framework that
integrates diagrammatic information to enhance geometry
problem solving by resolving textual ambiguities. Central
to our approach is a rectifier-verifier module, where the rec-
tifier leverages MLLMs to refine textual descriptions using
diagrammatic context, while the verifier ensures geometric
consistency. This framework significantly improves prob-
lem representation, thereby improving the problem solving
performance. Empirical evaluations on the Geometry3K
and PGPS9K benchmarks demonstrate that Pi-GPS outper-
forms state-of-the-art neural-symbolic methods, achieving
nearly a 10% performance gain on Geometry3K. These re-
sults advocate the critical role of ambiguity resolution in
multimodal mathematical reasoning, a challenge that has
been largely overlooked and warrants greater attention from
the research community.

Problem Text: 

Text parser cannot resolve the question text into the 
correct formal language: Find(LengthOf(B, C)).

Diagram: 
A plane travels from Des Moines to 
Phoenix, on to Atlanta and back to 
Des Moines. Find distance in from 
Phoenix to Atlanta if trip was 3482. 

Problem Text:

Diagram parser cannot parse the tangent relationship 
between circles: Tangent(Circle(D), Circle(E)).

Diagram: 

Find the area of the shaded region.

Problem Text:

The absence of established theorems on regular 
hexagons precludes the deductive reasoning.

Diagram: 

Find the area of the regular polygon.

Figure 5. Illustrating the limitations in current GPS framework.

6. Limitations

While this work successfully identifies text ambiguity and
introduces a dedicated module to resolve it, significantly
enhancing system performance. Several limitations still re-
main as illustrated in Figure 5. These limitations highlight
key areas for future improvement and offer directions for
advancing automated geometric proble solving systems.

• Limited Text Parsing Capability: The current text
parser struggles to accurately map certain syntactic vari-
ations to their formalized representations. Despite the in-
tegration of our text disambiguation module, these chal-
lenges persist, often leading to incomplete or erroneous
formalizations.

• Inadequate Diagram Parsing for Complex Relations:
The diagram parser struggles to accurately identify com-
plex geometric relationships, such as tangency, due to
their subtle and often implicit nature. This limitation
hampers precise geometric analysis and interpretation, as
misrecognition can distort structural understanding and
compromise downstream computations.

• Insufficient Theorem Base: The absence of essential
theorems necessary for solving specific problem cate-
gories significantly constrains the system’s ability to gen-
erate comprehensive and accurate solutions. For example,
in the case of a regular hexagon, the fundamental theorem
asserting that each interior angle measures 120 degrees is
critical for various geometric deductions.
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