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Abstract
Large Language Models (LLMs) can produce
convincing geometric arguments, yet their out-
puts are not reliable enough to be treated as
proofs without independent verification. In par-
allel, symbolic geometry tools (e.g. automated
theorem provers in dynamic geometry systems)
offer strong rigor guarantees, but require for-
malized inputs and can struggle with problem
formalization, auxiliary construction, and proof
presentation. This survey synthesizes work at
the intersection of these lines: hybrid LLM–
symbolic systems for geometry that (i) translate
natural language and diagrams into formal con-
straints, (ii) search for solution plans and proof
steps using learned or heuristic methods, and
(iii) verify the resulting steps using symbolic
provers or proof assistants. We propose a taxon-
omy organized around (a) the role of the LLM
in the pipeline (parser, strategist, prover, critic),
(b) the target proof artifact (answer-only, infor-
mal proof, semi-formal step trace, or kernel-
checked formal proof), and (c) the verification
backend (numeric testing, algebraic provers,
synthetic provers, and proof-assistant kernels).
We review representative systems in NLP and
AI (e.g. GeoS, Inter-GPS, FormalGeo, Alpha-
Geometry, AutoGPS, and recent heuristic-only
deductive solvers), and connect them to broader
neurosymbolic paradigms for faithful reason-
ing (e.g. SatLM, LINC, and autoformalization).
Finally, we outline evaluation protocols em-
phasizing step-level soundness and robustness,
and we discuss open problems in multimodal
formalization, handling of non-degeneracy con-
ditions, human-readable certified proofs, and
reproducibility.

1 Introduction

Geometry sits at the intersection of language, vi-
sion, and formal reasoning. Many geometry prob-
lems are described in natural language and sup-
ported by diagrams, but the desired solution is often
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a proof —a chain of logically valid steps. Classical
NLP systems for geometry (e.g. GeoS (Seo et al.,
2015)) and later interpretable pipelines (e.g. Inter-
GPS (Lu et al., 2021), GeoQA (Chen et al., 2021))
illustrate the core challenge: correct solutions re-
quire a consistent interpretation of text, diagram,
and domain axioms.

Recent progress in neural theorem proving and
LLM-based reasoning has renewed interest in turn-
ing informal mathematical reasoning into verifiable
proof artifacts (Wu et al., 2022; Li et al., 2024).
In Euclidean geometry, this momentum is ampli-
fied by strong symbolic engines and new neuro-
symbolic solvers that reach Olympiad-level perfor-
mance (Trinh et al., 2024; Chervonyi et al., 2025;
Duan et al., 2025). However, the verification gap
remains: LLMs can hallucinate steps, omit con-
ditions, and produce plausible-but-invalid proofs,
while symbolic provers require careful formaliza-
tion and may return results that are hard to interpret
pedagogically (e.g. algebraic certificates and non-
degeneracy conditions).

This survey focuses on verification-oriented
geometry pipelines that integrate LLMs with sym-
bolic tools. We treat verification broadly, ranging
from (i) symbolic checkers embedded in dynamic
geometry systems such as GeoGebra (Kovács and
Sólyom-Gecse, 2016; Botana et al., 2015) to (ii)
formal proof assistants (Lean/Coq/Isabelle) and
their kernels. We argue that modern geometry au-
tomation should be evaluated not only by answer
accuracy but also by the soundness and auditability
of its intermediate reasoning steps. We contribute:

1. A taxonomy of LLM–symbolic geometry sys-
tems grounded in roles, representations, and ver-
ification backends.

2. A comparative review of symbolic geometry
provers (algebraic and synthetic), formal proof
assistants, and dynamic geometry environments
used for automated verification.
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3. A survey of neuro-symbolic and multimodal
systems for geometry problem solving, includ-
ing recent Olympiad-level solvers and formal-
ized geometry frameworks.

4. A set of evaluation guidelines emphasizing
step-level validity, robustness, and reproducibil-
ity.

2 Problem Setting and Terminology

2.1 Inputs, outputs, and levels of rigor
Geometry automation spans multiple input modali-
ties and proof artifacts:

Inputs. (i) Formal constructions (e.g. coordi-
nates or a domain-specific language), (ii) text-only
problem statements, (iii) text + diagram (raster or
vector).

Outputs. (i) a final answer (numeric or multiple-
choice), (ii) an informal proof in natural language,
(iii) a semi-formal step trace with explicit theorem
applications, (iv) a formal proof checked by a proof
assistant kernel.

Verification targets. A crucial distinction is
whether the system produces (or can be converted
into) an artifact that a trusted checker can validate.
We distinguish:

• Empirical validation: random instantiation, nu-
meric sampling, or bounded “exact check”.

• Symbolic validation: algebraic methods
(Wu/Gröbner) and semi-algebraic/synthetic
methods (area/full-angle/coherent logic).

• Kernel validation: proof assistant kernel check-
ing (Lean/Coq/Isabelle/HOL Light/Metamath).

2.2 A canonical hybrid pipeline
Figure 2 sketches the pipeline common to many hy-
brid systems: (1) formalization from text/diagram
to constraints, (2) search for a proof plan or step
sequence, (3) verification of each step in a sym-
bolic environment, (4) optionally natural language
rendering for human consumption.

3 A Taxonomy of LLM–Symbolic
Geometry Verification

We propose a three-axis taxonomy:

Axis A: Role of the LLM.

• LLM as parser: translate natural language
(and/or diagrams) into formal constraints or a
DSL (cf. autoformalization (Wu et al., 2022)).

• LLM as strategist: propose lemmas, theorem
applications, or auxiliary constructions to guide
symbolic search (common in neuro-symbolic
provers).

• LLM as prover: output formal proof scripts
(Lean/Coq) directly, checked by a kernel (e.g.
LLM provers built on LeanDojo (Yang et al.,
2023)).

• LLM as critic: score, rerank, or refine candidate
steps based on verifier feedback (e.g. solver-in-
the-loop refinement (Ye et al., 2023; Olausson
et al., 2023)).

Axis B: Proof artifact. Answer-only → infor-
mal proof → semi-formal trace → kernel-checked
proof.

Axis C: Verification backend. Empirical check-
ing → symbolic algebraic/synthetic provers →
proof-assistant kernels.

This taxonomy helps clarify trade-offs: kernel-
checked proofs maximize trust but are hard to pro-
duce; algebraic provers scale but return conditions
and certificates that may be pedagogically opaque;
empirical checks are easy but unsound as proof.

4 Symbolic Verifiers for Euclidean
Geometry

This section reviews the symbolic tools commonly
used to validate geometric claims.

4.1 Algebraic methods

Algebraic geometry theorem proving translates ge-
ometric predicates into polynomial equations and
uses elimination (e.g. Wu’s method or Gröbner
bases) to prove that hypotheses imply the conclu-
sion, often generating non-degeneracy conditions
(NDGs) (Marić et al., 2012). Algebraic methods
are powerful and fast in many settings, but their
outputs may be less interpretable than classical syn-
thetic proofs.

4.2 Synthetic and semi-algebraic methods

Synthetic approaches aim to produce human-
readable proofs. The area method is a prominent
semi-algebraic technique that produces concise,
readable proofs for constructive geometry (Janičić
et al., 2012). Tools such as GCLC integrate visual-
ization with theorem proving and can support mul-
tiple methods, including the area method (Janičić,
2006).
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Triangle problem Formal spec
Points(A,B,C)
Triangle(A,B,C)
P on BC, Q on CA, R on AB
Given: Angle(B,A,P) =
. . .
Goal: Similar(. . . )
NDG: A,B,C not collinear

Hybrid reasoning
LLM planner

outlines steps

Symbolic verifier
ATP / kernel

steps

Certified proof

VERIFIED

parse solve emit

Figure 1: A high-level view of verified geometry reasoning: a natural-language problem with a diagram is translated
into a formal specification, solved with LLM-guided symbolic reasoning, and emitted as a certified proof artifact.

Problem specification
Natural language + diagram (or formal construction)

Formalization
LLM / parser → constraints / DSL

Planning & search
LLM strategist + heuristics / MCTS

Candidate reasoning
semi-formal step trace

Verification backend
GeoGebra ATP / FormalGeo / proof-assistant kernel

Certified artifact
checked proof + human-readable explanation

failed check
counterexample
missing NDGs

formalization
error

diagram
ambiguity

Figure 2: A canonical LLM–symbolic workflow for geometry: propose, check, and repair.

LLM as
Parser

LLM as
Strategist

LLM as
Prover/Critic

Empirical
sampling & tests

Parse→instantiate
numeric checks; self-consistency

Plan proposals
execute & rank; pass@k rerank

Generate steps
rerank by tests; Monte Carlo checks

Symbolic ATP
algebraic / synthetic

NL/diagram→DSL
constraints + NDGs; Inter-GPS, Auto-
GPS

Lemma selection
aux constructions; AlphaGeometry,
HAGeo

Step synthesis
checker-in-the-loop; GeoGebra ATP
loop

Kernel
proof assistant

Autoformalization
to Lean/Coq; Wu et al.

Tactic planning
retrieval + LLM; LeanDojo

Proof scripts
kernel feedback; AlphaProof

Verifier backend ↓ LLM role →

Figure 3: A compact taxonomy of LLM–symbolic geometry systems across LLM roles and verification backends,
with representative examples.

4.3 Dynamic geometry environments and
embedded provers

Dynamic geometry systems (DGS) provide inter-
active construction and visualization; some also
embed proving functionality. GeoGebra has incor-

porated automated theorem proving features and a
portfolio of provers, including Gröbner-basis-based
proving and connections to external provers (e.g.
OpenGeoProver for Wu/area) (Botana et al., 2015;
Kovács and Sólyom-Gecse, 2016). Recent work
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also explores automated discovery of geometric
properties within GeoGebra constructions (Kovács
and Yu, 2022).

4.4 Formal proof assistants

Proof assistants provide the strongest correctness
guarantees via small trusted kernels, at the cost of
higher formalization effort. For geometry, there is a
long line of work on formalizing Euclidean axioms
(e.g. Tarski/Hilbert) and connecting automation
tactics to kernels. Maric et al. (Marić et al., 2012)
describe Isabelle/HOL formalization efforts aimed
at bridging algebraic methods and synthetic geom-
etry, enabling verified automation tactics.

5 Representative Geometry Solvers and
LLM-Augmented Systems

Table 1 summarizes representative systems along
our taxonomy axes. Some entries are not LLM sys-
tems by themselves; we include them because they
serve as formalizers, verifiers, search environments,
or benchmarks inside LLM-augmented geometry
pipelines. Figure 4 provides an additional visual
summary of these roles.

6 Historical Timeline and Milestones

Figure 5 summarizes a few influential milestones
that shaped the modern landscape of verified
and neuro-symbolic geometry reasoning, spanning
early multimodal QA, embedded automated theo-
rem proving in dynamic geometry software, formal-
ized geometry environments, and Olympiad-level
neuro-symbolic solvers.

6.1 Multimodal problem understanding: text
and diagram

NLP-oriented geometry systems often start with
the formalization bottleneck: extracting entities,
relations, and constraints from language and dia-
grams. GeoS (Seo et al., 2015) pioneered combin-
ing text and diagram interpretation for SAT geom-
etry. Inter-GPS (Lu et al., 2021) later emphasized
interpretable symbolic reasoning with a formal lan-
guage representation, while GeoQA (Chen et al.,
2021) provided a benchmark with annotated pro-
grams for multimodal numerical reasoning. Re-
cent systems such as AutoGPS aim to jointly learn
formalization and deductive reasoning with tight
feedback loops between the modules (Ping et al.,
2025).

6.2 Formalized geometry environments for
verifiable traces

FormalGeo proposes a consistent formal plane ge-
ometry system and datasets that support traceable,
verifiable solutions (Zhang et al., 2023). Within
such environments, learning can focus on theorem
selection and search policy while the environment
enforces logical validity. FGeo-DRL builds an
RL+MCTS agent that operates in the FormalGeo
environment and yields readable, verifiable deduc-
tive solutions (Zou et al., 2024).

6.3 Olympiad-level provers and auxiliary
construction

AlphaGeometry introduced a neuro-symbolic
solver trained on synthetic data that outputs
proof-like derivations verified by a symbolic en-
gine (Trinh et al., 2024). AlphaGeometry2 reports
expanded language coverage and improved search
on IMO geometry sets, and it was part of a sys-
tem that reached silver-medal standard on IMO-
2024 (Chervonyi et al., 2025; Google DeepMind,
2024). Complementary to learned components,
purely heuristic deductive approaches have also
shown strong performance: HAGeo proposes effi-
cient auxiliary constructions and reports high solv-
ing rates on Olympiad benchmarks without neural
inference (Duan et al., 2025).

6.4 General neurosymbolic patterns for
faithful reasoning

Although not geometry-specific, several ACL-
relevant paradigms inform verified geometry
pipelines. Program-aided LMs (PAL) offload ex-
ecution to interpreters (Gao et al., 2022); SatLM
translates problems into declarative constraints and
uses SAT solving (Ye et al., 2023); LINC trans-
lates premises and conclusions into first-order logic
and delegates deduction to logic provers (Olausson
et al., 2023). Autoformalization systems translate
informal mathematics into formal statements for
proof assistants (e.g. Isabelle/HOL) (Wu et al.,
2022). These frameworks highlight a recurring mo-
tif: use LLMs for semantic parsing and proposal,
but use symbolic engines for sound inference.

7 Datasets, Benchmarks, and Evaluation

7.1 Geometry datasets

Table 2 lists major datasets spanning text, diagrams,
and formal proof traces.
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System Input Output Verifier Notes / LLM Role

GeoS (Seo et al.,
2015)

Text + raster dia-
gram

Answer (SAT-style) Geometric solver
(symbolic)

Early end-to-end pipeline; optimization-
based parsing and diagram interpreta-
tion.

Inter-GPS (Lu
et al., 2021)

Text + diagram Answer + inter-
pretable steps

Symbolic rule-
based reasoning

Neural perception + formal language +
theorem-driven symbolic reasoning.

GeoQA
(Chen et al.,
2021)

Text + diagram Answer + program Program executor Dataset + neural solvers; emphasizes
multimodal numerical reasoning.

FormalGeo
(Zhang et al.,
2023)

Formal language
(often derived from
text)

Stepwise proof trace Formal system
checker

Formalized predicate/theorem library en-
abling traceable, verifiable solutions.

FGeo-DRL
(Zou et al., 2024) FormalGeo envi-

ronment
Stepwise proof trace FormalGeo

checker
RL + MCTS for theorem selection and
search in a formal environment.

AutoGPS
(Ping et al., 2025) Text + diagram Minimal stepwise

proof
Deductive sym-
bolic reasoner

Multimodal formalizer + deductive rea-
soner; emphasizes stepwise coherence.

AlphaGeometry
(Trinh et al.,
2024)

Domain-specific
language

Proof (synthetic-
style)

Symbolic engine Neural + symbolic; trained on synthetic
theorems; no human demonstrations.

AlphaGeometry2
(Chervonyi et al.,
2025)

Extended DSL /
partial NL

Proof Symbolic engine Expanded language coverage and im-
proved search; used in IMO-2024 silver
system.

HAGeo
(Duan et al.,
2025)

Formal geometry
benchmark

Proof / derivation Deductive engine
(no NN)

Heuristic auxiliary constructions; strong
performance without neural inference.

GeoGebra ATP
(Botana et al.,
2015; Kovács and
Sólyom-Gecse,
2016)

Interactive con-
struction

True/False + NDGs Portfolio provers DGS interface for algebraic/synthetic
proving; useful as step checker in hy-
brid workflows.

Table 1: Representative geometry systems and their verification backends.

Figure 4: Additional at-a-glance comparison of representative geometry tools and solver families. This visual
complements Table 1 by summarizing common stages in LLM-augmented geometry workflows and by showing a
representative prover ecosystem; the tools in the right panel are examples rather than an exhaustive list.
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2012 2014 2016 2018 2020 2022 2024 2026

Area method
JAR 2012

GeoGebra ATP; GeoS
JAR /

EMNLP 2015

Inter-GPS; GeoQA
ACL / Find-
ings 2021

FormalGeo; LeanDojo
arXiv 2023

AlphaGeometry
Nature 2024

AlphaProof; Alpha-
Geometry2; HAGeo

Nature / arXiv 2025

Figure 5: A non-exhaustive timeline of key milestones in multimodal geometry problem solving and verified/neuro-
symbolic theorem proving.

Dataset Modality Notes

GeoS (Seo et al., 2015) Text+diagram SAT-style geometry QA; early end-to-end benchmark combining
textual and diagrammatic parsing.

GeoQA (Chen et al., 2021) Text+diagram Annotated programs for geometric question answering; emphasizes
multimodal numerical reasoning.

Geometry3K (Lu et al., 2021) Text+diagram Large benchmark used in Inter-GPS and follow-up work; supports
interpretable symbolic reasoning.

FormalGeo7K / IMO (Zhang et al., 2023) Formal Formalized predicates and theorem libraries with stepwise proof
traces enabling verifiable deduction.

IMO-30 (Trinh et al., 2024) Formal Standard Olympiad geometry evaluation subset used for neuro-
symbolic benchmarking.

HAGeo-409 (Duan et al., 2025) Formal Expanded benchmark with human-assessed difficulty levels and
emphasis on auxiliary constructions.

Table 2: Selected datasets and benchmarks for geometry reasoning and verification.

7.2 Metrics beyond answer accuracy

For verification-oriented systems, answer accuracy
is insufficient. The checklist below consolidates
practices already common in trace-based geome-
try and verifier-in-the-loop work: executable proof
traces, explicit theorem applications, NDG report-
ing, and reproducibility of verifier settings (Zhang
et al., 2023; Zou et al., 2024; Ping et al., 2025;
Botana et al., 2015; Trinh et al., 2024). We recom-
mend reporting:

• Step validity rate: fraction of generated steps
accepted by the verifier.

• Proof completeness: whether a full chain from
hypotheses to goal is produced.

• NDG handling: whether non-degeneracy condi-
tions are made explicit and interpretable.

• Minimality and readability: proof length,
lemma reuse, and human evaluation.

• Robustness: invariance to paraphrases, diagram
perturbations, or irrelevant distractors.

• Reproducibility: open code/data, deterministic
seeds, and clear verifier settings.

8 Case Study: Verifying a Triangle
Trisection Generalization with
Tool-Augmented LLMs

A representative use-case is to treat an LLM as a
proof planner that proposes a structured outline,
then validate each step with a symbolic geometry
prover. For instance, the case study of Tzachristas
and Tzachristas (2026) uses a triangle-side trisec-
tion configuration to connect natural-language plan-
ning, GeoGebra queries, and verified subclaims.
The implementation of the case-study workflow
was inspired by agentic workflow frameworks such
as Hermes Agent and OpenClaw, which organize
task execution around persistent agents, tool use,
memory, and reusable skills (Nous Research, 2026;
OpenClaw Contributors, 2026). Figure 6 adds a
visual companion to the textual case-study descrip-
tion.

Concretely, the pipeline input is a theorem state-
ment plus a GeoGebra construction for △ABC
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(a) Triangle-side trisection configuration from the MICOM

case study.

Input theorem
+ construction

KL ∥ AB

LZ ∥ BC

ZK ∥ CA

revise claim
or add NDGs

GeoGebra
Prove/ProveDetails

Accepted subclaims
• parallel lines
• equal angle pairs
• ratio consequences

Readable proof artifact
△KLZ ∼ △ABC
centroid ⇒ homothety center

LLM-proposed
intermediate claims

symbolic checking verified trace
and synthesis

(b) Original schematic of the generate–check–repair loop for

verifier-guided proof construction.

Figure 6: Additional case-study visualization. Left: the triangle-side trisection construction discussed by Tzachristas
and Tzachristas (2026). Right: an original, redrawn schematic showing how LLM-proposed subclaims are checked
with GeoGebra and assembled into a readable proof artifact; this preserves the general deduction-and-traceback
idea without reusing the source-uncertain image.

with side/intersection points K,L,Z and the target
that the constructed inner triangle is similar and ho-
mothetic to ABC (with the centroid as homothecy
center). The intermediate structures are verifier-
addressable Boolean claims, such as KL ∥ AB,
LZ ∥ BC, and ZK ∥ CA, issued through com-
mands of the form Prove(AreParallel(...))
and optionally expanded with ProveDetails /
NDG output. The output is a checked trace of
accepted subgoals plus a human-readable proof de-
riving similarity and the homothecy claim. In such
a workflow:

1. The LLM proposes a sequence of intermedi-
ate claims (collinearity, parallelism, ratios, or
Ceva/Menelaus-style equalities).

2. Each claim is translated into a form ac-
cepted by a verifier (e.g. GeoGebra’s Prove
/ProveDetails commands).

3. Failed steps trigger refinement: the LLM re-
vises the claim or introduces missing NDG con-
ditions.

4. A final verified step trace is rendered into
human-readable proof text.

This “generate–check–repair” loop aligns naturally
with neurosymbolic paradigms in NLP, and can
be evaluated via step validity, completeness, and
interpretability.

9 Open Challenges and Future Directions

Multimodal autoformalization. Moving from
text+diagram to a formal specification remains brit-
tle; robust datasets with aligned language, diagram,

and formal constraints are scarce despite progress
in GeoS, Inter-GPS, GeoQA, and AutoGPS-style
pipelines (Seo et al., 2015; Lu et al., 2021; Chen
et al., 2021; Ping et al., 2025).

Auxiliary construction and search control.
Olympiad geometry often hinges on creative con-
structions. Balancing learned heuristics, symbolic
search, and interpretability remains an open prob-
lem in AlphaGeometry-style and heuristic-only sys-
tems (Trinh et al., 2024; Chervonyi et al., 2025;
Duan et al., 2025).

Non-degeneracy conditions (NDGs). Algebraic
provers generate NDGs; mapping them to human-
friendly geometric conditions and ensuring they
are tracked across proof steps is essential for trust-
worthy proofs (Marić et al., 2012; Botana et al.,
2015).

Certified yet readable proofs. Producing kernel-
checked proofs that are also pedagogically mean-
ingful is an ongoing challenge. Bridging proof-
assistant scripts, prover certificates, and classical
Euclidean style is a key opportunity (Wu et al.,
2022; Yang et al., 2023; Kovács and Sólyom-Gecse,
2016).

Evaluation culture. We encourage the commu-
nity to report verifier settings, failure modes, and
ablations that isolate formalization errors from rea-
soning errors, following the traceability empha-
sis of FormalGeo/FGeo-DRL and the reproducible
benchmark style of recent solvers (Zhang et al.,
2023; Zou et al., 2024; Duan et al., 2025).
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10 Conclusion

Hybrid LLM–symbolic systems offer a promising
path from natural language and diagrams to verified
geometry proofs. The strongest systems tightly cou-
ple learned proposal mechanisms with symbolic or
kernel-level verification, enabling traceable deriva-
tions and reducing hallucinations. This survey pro-
vided a taxonomy of such systems, reviewed sym-
bolic verifiers and geometry datasets, and argued
for evaluation protocols that prioritize step-level
correctness and reproducibility.

Limitations

This survey emphasizes verification-oriented
pipelines and may omit purely neural answer-only
systems when they do not expose verifiable inter-
mediate artifacts. The field is moving rapidly; de-
spite including recent work up to early 2026 in our
bibliography, some contemporaneous results may
be missing.

Ethics Statement

We do not anticipate direct harmful applications
from surveyed methods. However, educational de-
ployments should clearly communicate the differ-
ence between plausible explanations and verified
proofs, and should avoid over-reliance on unver-
ified LLM output. Releasing datasets should re-
spect copyright constraints for sourced problem
statements and diagrams.
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