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Abstract001

We introduce GeoBuildBench, a benchmark002
designed to evaluate whether large language003
models and multimodal agents can ground in-004
formal natural-language plane geometry prob-005
lems into executable geometric constructions.006
Unlike existing geometry benchmarks that fo-007
cus on answer correctness or static diagram008
interpretation, GeoBuildBench treats geome-009
try diagram as an interactive construction task:010
given a textual problem, an agent must gen-011
erate a domain-specific language (DSL) pro-012
gram to produce a diagram satisfying explicitly013
specified geometric objects and verifiable con-014
straints. The benchmark features 489 Chinese015
textbook-style problems, curated through auto-016
mated filtering and human validation to ensure017
text-complete, constructible problem specifica-018
tions. We evaluate several state-of-the-art mul-019
timodal models in a bounded iterative setting020
and show that, despite reasonable success rates,021
models frequently exhibit structural hallucina-022
tions, missing objects, and failures to satisfy023
geometric constraints, with limited ability to024
exploit visual and constraint-based feedback025
for self-correction. These results highlight ge-026
ometry construction as a rigorous testbed for027
grounded, executable reasoning beyond tex-028
tual or visual plausibility. Our benchmark029
and code are released at https://anonymous.030
4open.science/r/GeoBuildBench-3032.031

1 Introduction032

Large language models (LLMs) and multimodal033

LLMs (MLLMs) have shown strong performance034

on geometry-focused benchmarks such as GeoQA035

and Geometry3K, which evaluate multimodal rea-036

soning over textbook-style geometry problems and037

diagrams (Chen et al., 2021; Lu et al., 2021). In par-038

allel, neuro-symbolic systems such as AlphaGeom-039

etry achieve near–Olympiad-level performance by040

combining language models with formal deduction041

engines (Trinh et al., 2024). Despite this progress,042

existing approaches largely assume formalized rep- 043

resentations or given diagrams, leaving open a fun- 044

damental question: can these models transform 045

informal, natural-language descriptions into consis- 046

tent, executable geometric structures? 047

Geometry provides a uniquely stringent testbed 048

for grounded reasoning. Textbook problems de- 049

scribe points, lines, and geometric relations in nat- 050

ural language, implicitly requiring the construction 051

of a consistent diagram before symbolic reason- 052

ing. Errors in this process are rarely ambiguous: 053

incorrect or missing constructions typically lead 054

to impossible or visibly invalid diagrams, making 055

geometry well suited for studying structural hallu- 056

cination. 057

Prior work has often treated diagram con- 058

struction as a one-shot preprocessing step, using 059

relation-extraction to map text into solver-specific 060

representations (Gan and Yu, 2018) or numerical 061

optimization (Krueger et al., 2021) to produce co- 062

ordinates. More recent text-to-diagram methods 063

emphasize coordinate accuracy and formal con- 064

straints (Hu and Zhong, 2023; Wang et al., 2025; 065

Cheng et al., 2025), but their evaluations rely on 066

visual similarity or parser-dependent checks, and 067

do not assess whether agents can incrementally 068

build, inspect, and repair geometric structures un- 069

der explicit semantic constraints. Although agentic 070

frameworks like ReAct and Reflexion (Yao et al., 071

2023; Shinn et al., 2024) have shown promise in 072

interleaving reasoning with actions, they have pri- 073

marily been tested in textual environments. Ge- 074

ometry differs fundamentally: every action must 075

satisfy strict spatial constraints, and failures, such 076

as intersecting parallel lines or failing a tangency 077

requirement, are immediately observable through 078

the environment. 079

To address this gap, we introduce GeoBuild- 080

Bench, a benchmark and interactive environment 081

for evaluating agents that translate natural-language 082

plane geometry problems into executable geomet- 083
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ric constructions. We define a compact, execution-084

oriented geometry Domain Specific Language085

(DSL), together with a Python interpreter and Mat-086

plotlib renderer. Instead of evaluating against a087

single “gold” diagram, for each problem GeoBuild-088

Bench specifies a set of required objects and ex-089

plicit verifiable geometric constraints. Agents iter-090

atively generate DSL programs, execute them, and091

use visual and constraint-based feedback to correct092

errors, forming a closed agent–environment loop.093

Figure 1 illustrates this agent–environment loop, in-094

cluding the geometry DSL action space, execution095

and rendering, and constraint-based verification.096

This setting enables us to evaluate models be-097

yond textual correctness or visual plausibility. We098

measure (i) executability of constructions, (ii) ob-099

ject coverage, (iii) geometric constraint satisfac-100

tion, e.g., parallelism and tangency, and (iv) struc-101

tural hallucinations, such as infeasible construc-102

tions or references to undefined objects.103

Our contributions are threefold:104

1. An Interative Environment: An executable105

geometry construction environment with a106

minimal DSL and deterministic rendering for107

grounded agent interaction.108

2. The GeoBuildBench Dataset: A benchmark109

of 489 Chinese textbook-style geometry prob-110

lems, annotated with constraints to support111

evaluation without assuming a single gold con-112

struction.113

3. Empirical Analysis of MLLMs: An evalua-114

tion of state-of-the-art models revealing that115

current MLLMs struggle with structural cor-116

rectness and iterative self-repair despite their117

strong performance on existing geometry QA118

benchmarks.119

2 Related Work120

2.1 Geometry Problem Solving Benchmarks121

and Formal Representations122

Geometry problem solving has long been stud-123

ied as a multimodal reasoning task over natural-124

language descriptions, diagrams, and geometric125

rules. Early systems such as GEOS combine text126

parsing and diagram interpretation to answer stan-127

dardized geometry questions (Seo et al., 2015).128

More recent benchmarks significantly scale up su-129

pervision and emphasize structured intermediate130

representations. GeoQA introduces a large collec- 131

tion of geometry problems paired with executable 132

programs, enabling interpretable multimodal rea- 133

soning (Chen et al., 2021). Geometry3K further 134

provides densely annotated geometry problems and 135

supports symbolic reasoning through the Inter-GPS 136

framework, which translates textual and diagram- 137

matic inputs into a formal geometry language for 138

theorem-guided inference (Lu et al., 2021). In par- 139

allel, prior work has explored formalizing natural- 140

language geometry problems by extracting rela- 141

tions and mapping them into solver-compatible 142

representations (Gan and Yu, 2018). While these 143

datasets and systems advance geometry question 144

answering and symbolic reasoning, they primarily 145

focus on predicting answers or formal programs, 146

and do not directly evaluate whether a model can 147

construct a geometrically consistent diagram from 148

natural language under strict executability and con- 149

straint satisfaction. 150

2.2 Text-to-Diagram Generation and 151

Constraint-Based Geometry Construction 152

A complementary line of work addresses diagram 153

construction from textual descriptions. Geome- 154

try Model Builder (GMB) and its domain-specific 155

language GMBL represent constructions and con- 156

straints explicitly, generating diagrams via nu- 157

merical optimization over geometric constraints 158

(Krueger et al., 2021). Hu and Zhong propose a 159

training-free text-to-diagram method that optimizes 160

point coordinates to produce accurate textbook- 161

style diagrams (Hu and Zhong, 2023). More re- 162

cently, MagicGeo and MagicGeoBench combine 163

LLM-based text formalization with a formal ge- 164

ometry solver to generate constraint-consistent di- 165

agrams (Wang et al., 2025). However, their evalu- 166

ation relies primarily on CLIP-based visual simi- 167

larity, which measures visual-textual alignment but 168

does not verify whether geometric relations such 169

as parallelism, perpendicularity, or incidence are 170

semantically satisfied. GeoUni explores a unified 171

neural model for diagram generation and geometric 172

reasoning (Cheng et al., 2025), but its evaluation 173

pipeline depends on a geometry parser with limited 174

relational coverage, making it difficult to detect vi- 175

olations of unrecognized constraints. In contrast to 176

these approaches, our work focuses on evaluating 177

geometry construction as an executable, constraint- 178

checked process, and on analyzing whether general- 179

purpose LLM-based agents can iteratively build, in- 180

spect, and repair geometric structures from natural 181
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Figure 1: Overview of the GeoBuildBench environment. An agent translates a natural-language geometry problem
into executable DSL programs, executes them to obtain rendered diagrams, and verifies the result against required
object coverage, construction validity, and geometric constraints. Violation feedback is returned to the agent for
iterative repair, while the interaction terminates once all required objects are present and all constraints are satisfied.

language.182

3 GeoBuildBench Environment183

3.1 Task Definition184

GeoBuildBench evaluates an agent’s ability to185

ground a natural-language plane geometry problem186

into an executable geometric construction. Each187

task consists of three components: (i) a natural-188

language problem description, (ii) a set of required189

geometric objects that must appear in the final con-190

struction, and (iii) a list of verification conditions191

encoding the geometric semantics of the problem.192

The agent’s goal is to generate a construction193

program that, when executed, produces a geomet-194

ric configuration satisfying all required objects and195

verification conditions. Importantly, GeoBuild-196

Bench does not assume a single gold construction197

or canonical diagram. Multiple constructions are198

considered valid as long as they are executable and199

semantically accurate. This design explicitly en-200

courages the use of auxiliary constructions such201

as additional helper points, lines, or circles intro-202

duced to satisfy distance or incidence constraints,203

mirroring standard human geometric practice.204

A task is considered successful if the generated205

construction (1) executes without runtime errors,206

(2) contains all required geometric objects in the fi-207

nal state, and (3) satisfies all verification conditions.208

These criteria define a binary notion of task success,209

while partial metrics can be computed to analyze210

intermediate failure modes. Tasks terminate either 211

upon success or when a predefined interaction bud- 212

get is exceeded. 213

We do not assume that the verification conditions 214

exhaustively cover all possible geometric relations 215

that may appear in natural-language problems. In- 216

stead, each task is specified using a finite and pre- 217

defined set of condition types that capture common, 218

executable geometric semantics and admit reliable 219

numerical verification. 220

3.2 Geometry Construction DSL 221

To support precise and deterministic evaluation, 222

GeoBuildBench introduces a compact, execution- 223

oriented domain-specific language (DSL) for plane 224

geometry construction. The DSL defines the 225

agent’s action space and is designed to be mini- 226

mal, explicit, and fully executable. 227

The DSL provides primitives for constructing 228

geometric entities (e.g., point, line, segment, 229

circle) and operators for common geometric con- 230

structions (e.g., intersections, parallel and perpen- 231

dicular lines, midpoints, rotations). Each command 232

deterministically updates the geometric state and 233

returns named objects that may be referenced by 234

subsequent commands. Crucially, the DSL is a con- 235

struction language rather than a declarative con- 236

straint language: relations such as parallelism, per- 237

pendicularity, or angle values cannot be asserted 238

directly, but must be realized through explicit con- 239

structions. 240
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The complete DSL syntax, supported com-241

mands, and execution semantics are specified in242

Appendix A. In this section, we focus on the DSL’s243

role as an executable action interface rather than244

enumerating its full grammar.245

3.3 Execution and Verification246

The generated DSL programs are executed by a ge-247

ometry kernel that maintains an explicit geometric248

state, including object coordinates and structural249

relations. Execution failures, such as referencing250

undefined objects or attempting geometrically in-251

feasible operations (e.g., intersecting parallel lines),252

are explicitly detected and reported.253

After execution, a verification module assesses254

the result across three dimensions:255

• Executability checks whether the program256

runs to completion without errors.257

• Required Object Coverage verifies that all258

geometric objects specified in the task def-259

inition are present in the final construction,260

regardless of any auxiliary objects introduced.261

• Constraint Satisfaction checks if all veri-262

fiable conditions like incidence, parallelism,263

metric constraints, and angular requirements264

are met.265

Violations of these checks reveal different forms266

of structural hallucination, such as references to267

non-existent objects, geometrically infeasible con-268

structions, or failures to satisfy required relations.269

Formal definitions of all verification condition270

types and their numerical tolerances are provided271

in Appendix B. This explicit verification enables272

semantic evaluation beyond textual correctness or273

visual similarity, without reliance on proxy image-274

based metrics.275

3.4 Agent–Environment Interaction Protocol276

As shown in Figure 1, GeoBuildBench is struc-277

tured as an interactive agent–environment loop. At278

each step, the agent observes the problem descrip-279

tion and previous environment feedback to emit or280

modify a DSL program without assuming a fixed281

granularity of updates. The environment executes282

the program, renders a diagram, and returns visual283

output together with structured feedback regard-284

ing execution errors, missing required objects or285

violated constraints.286

This interaction continues iteratively, allowing287

the agent to inspect and repair its construction288

based on feedback. The interaction terminates upon 289

success or when the interaction budget is reached. 290

4 GeoBuildBench Dataset 291

The benchmark consists of 489 Chinese plane- 292

geometry problems curated from GeoQA (Chen 293

et al., 2021) and additional online textbook reposi- 294

tories. Each instance is represented by its natural- 295

language text paired with a canonicalized set of 296

required objects and a list of verification conditions 297

that encode the semnatic constraints. We do not 298

claim to cover every possible relation type that may 299

appear in plane geometry. Instead, the verification 300

conditions are defined over a practical closed set of 301

relation types that frequently occur in GeoQA-style 302

problems and admit reliable numerical checking 303

(see Appendix B.2 for the type list and semantics). 304

4.1 Curation Pipeline 305

Building a construction-centric benchmark poses 306

challenges beyond those in standard geometry QA 307

datasets. Many problems rely on information that 308

is only recoverable from an accompanying diagram, 309

contain ambiguous references, or specify internally 310

inconsistent constraints. To ensure that each in- 311

stance is solvable from text alone as a geometric 312

construction task, we apply a three-stage curation 313

pipeline combining LLM-based processing with 314

human verification. 315

Stage 1: Text-based constructibility filtering and 316

cleaning. We first use GPT-4.1 to assess whether 317

a problem is suitable for geometric construction 318

from text alone. The model is prompted to (i) re- 319

ject problems whose geometric meaning depends 320

on diagram-only cues (e.g., numbered angles such 321

as “ ̸ 1”), undefined point references, or incom- 322

plete constraints, and (ii) remove non-constructive 323

content, including answer queries, multiple-choice 324

options, score annotations, and boilerplate phrases 325

such as “as shown in the figure”. The output of 326

this stage is a cleaned text that retains only geomet- 327

ric setup conditions, e.g., incidences, parallelism, 328

angle relations, and metric constraints. 329

Notably, a problem may appear well-specified 330

in natural language yet still be inconstructible due 331

to hidden geometric inconsistencies. Such cases 332

highlight that geometric constructibility is nontriv- 333

ial and cannot be determined from surface form 334

alone. We provide concrete examples of both con- 335

structible and inconstructible cases in Appendix F. 336
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Stage 2: Task representation extraction. For337

problems that pass Stage 1, we apply a sec-338

ond GPT-4.1 prompt to extract a structured339

task representation. This stage converts the340

cleaned text into (i) required_objects, e.g.,341

points, segments/lines, circles, and polygons,342

(ii) verification_conditions, e.g., point-on-343

segment, angle values, parallelism, length relations,344

and (iii) auxiliary metadata such as category la-345

bels and an estimated construction difficulty. The346

prompt enforces a fixed schema and a closed set347

of supported condition types, ensuring consistency348

across instances.349

Importantly, this stage is not intended to solve350

the geometry problem: it only maps surface geo-351

metric descriptions into pre-defined condition tem-352

plates. As a result, the extraction can succeed even353

when the model’s geometric reasoning is weak,354

because it primarily requires schema-constrained355

mapping rather than multi-step deduction. More-356

over, although the same geometric relation may be357

expressed in diverse natural-language forms, the358

output is explicitly canonicalized into our finite359

condition-type set, which later enables unambigu-360

ous constraint-based evaluation and hallucination361

diagnosis.362

Stage 3: Human verification. Finally, all re-363

tained instances undergo human verification. An-364

notators check that (i) the extracted task represen-365

tation reflects the cleaned text, (ii) required objects366

and conditions are neither missing nor malformed,367

and (iii) the constraint set is geometrically realiz-368

able, i.e., a valid construction exists in principle.369

Crucially, annotators are not asked to re-interpret370

the full problem or invent new constraints; their371

role is primarily to validate that the LLM output372

conforms to the fixed schema and intended seman-373

tics, and to filter out rare cases of inconsistency374

(e.g., mutually incompatible length and perimeter375

constraints). Problems that are syntactically well-376

formed but geometrically inconsistent are removed377

at this stage.378

Annotators and consistency. Human verifica-379

tion was conducted by two graduate-level anno-380

tators with formal training in mathematics. Both381

annotators followed a unified annotation guideline382

specifying the allowed object types, verification383

condition schema, and rejection criteria, and were384

instructed to assess geometric realizability strictly385

under the given constraints, without introducing386

unstated assumptions.387

To ensure consistency, all instances were re- 388

viewed by at least one annotator, and a subset 389

of cases were independently checked by a second 390

annotator. Disagreements were rare and were re- 391

solved through discussion. The verification process 392

focuses on checking schema conformity and geo- 393

metric realizability, and does not require solving 394

the problems. 395

4.2 Task Representation 396

Each verified problem is represented as a con- 397

struction task defined by required_objects 398

and verification_conditions. Importantly, 399

GeoBuildBench does not assume a single gold di- 400

agram or construction procedure. Multiple con- 401

structions are considered valid as long as they intro- 402

duce all required objects and satisfy all verification 403

conditions. This design explicitly allows auxiliary 404

constructions (e.g., helper points, lines, or circles), 405

reflecting standard human geometric practice. An 406

example task instance is shown in Appendix F. 407

4.3 Dataset Statistics 408

GeoBuildBench covers a broad range of plane- 409

geometry topics commonly found in textbook-style 410

problems, with a majority of instances involv- 411

ing circle- and triangle-based constructions. The 412

benchmark also includes problems featuring angle 413

relationships, geometric transformations, metric 414

relations, polygons, and similarity or congruence. 415

Each problem is annotated with a construction 416

difficulty level ranging from 1 (very easy) to 4 417

(hard), reflecting the complexity of constructing the 418

geometric configuration rather than solving a down- 419

stream numerical or proof-based question. Most in- 420

stances fall into moderate difficulty levels, making 421

the benchmark well suited for evaluating multi-step 422

construction and error recovery. 423

Detailed category and difficulty distributions are 424

provided in Appendix E. 425

5 Benchmark Evaluation and Analysis 426

5.1 Experimental Setup 427

We evaluate GeoBuildBench using a set of mod- 428

ern multimodal large language models capable of 429

reasoning and geometry construction with visual 430

input support. For each model, we adopt a fixed in- 431

teraction budget of maximum 5 iterations, where 432

at each step the agent can emit a DSL program to 433

be executed by our geometry kernel and receive 434

structured feedback. 435
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All experiments use the same execution envi-436

ronment, ensuring fairness across models. Each437

problem instance is processed in vision-enabled438

mode, whereby the agent observes both the textual439

problem description and a rendering of the current440

geometric state.441

We test the following models:442

• GPT-5.1 (OpenAI): state-of-the-art reasoning443

and multimodal LLM (OpenAI, 2025).444

• Gemini-3-Flash (Google) — low-latency rea-445

soning model (Google Cloud, 2025).446

• Qwen3-VL-235B-A22B-Instruct (Alibaba):447

advanced multimodal vision-language model448

(Bai et al., 2025).449

• LLaMA-3.2-90B-Vision-Instruct (Meta):450

open-weight vision reasoning model (Meta451

AI, 2024).452

During evaluation, each model is prompted to453

construct the geometry in an iterative loop. We do454

not finetune models; all evaluations use zero-shot455

or few-shot prompting strategies consistent across456

models.457

5.2 Evaluation Metrics458

To assess model performance on GeoBuildBench,459

we define the following metrics:460

Success Rate The fraction of problems where461

the agent successfully constructs a diagram satisfy-462

ing all required objects and verification conditions463

within the fixed interaction budget.464

Iteration Steps We report the distribution of465

steps used to reach successful solutions, includ-466

ing the minimum, average, and maximum number467

of iterations.468

Hallucination Analysis We count hallucination469

events: cases where the model references non-470

existent objects, emits syntactically invalid DSL,471

or returns mismatched program output. We also472

analyze the average number of hallucinations per473

problem and recovery rates.474

Missing Objects We track the total number of475

geometric objects that were required by a task but476

not produced by the model’s construction program,477

broken down by type (e.g., points, segments, cir-478

cles).479

Failed Conditions We measure the total num- 480

ber of verification conditions that remain unsatis- 481

fied after program execution. We classify failures 482

by condition type (e.g., angle_value, parallel, 483

etc.). 484

These metrics together provide a comprehensive 485

view of a model’s ability to ground textual geome- 486

try problems into executable constructions. 487

5.3 Overall Results 488

Table 1 reports the overall performance of 489

four state-of-the-art vision-language models on 490

GeoBuildBench. A construction is considered suc- 491

cessful only if it executes without error, covers all 492

required geometric objects, and satisfies all verifi- 493

cation conditions. 494

We observe substantial variation across models. 495

GPT-5.1 and Gemini-3-Flash achieve the highest 496

success rates (78.9% and 75.3%, respectively), in- 497

dicating that current frontier MLLMs can often con- 498

struct valid geometric configurations under explicit 499

semantic constraints. However, these two models 500

exhibit different error profiles. Gemini-3-Flash re- 501

quires fewer steps on average (1.55 vs. 1.87) and 502

produces the lowest number of hallucinations per 503

problem (0.34), suggesting more stable geometric 504

construction behavior, while GPT-5.1 achieves a 505

slightly higher overall success rate. 506

In contrast, Qwen3-VL-235B and LLaMA-3.2- 507

90B-Vision perform significantly worse, with suc- 508

cess rates of 42.2% and 21.3%, respectively. Both 509

models exhibit substantially higher hallucination 510

rates (above 2.3 per problem on average), along 511

with large numbers of missing required objects 512

and failed geometric constraints. These failures 513

indicate difficulty in maintaining consistent geo- 514

metric state and respecting relational constraints 515

over multi-step construction. 516

Across all models, we find that unsuccessful 517

cases are dominated by structural errors rather than 518

execution failures. In particular, missing geometric 519

objects and violations of angle, incidence, and met- 520

ric constraints account for the majority of failures, 521

highlighting that GeoBuildBench primarily probes 522

semantic grounding and structural reasoning, rather 523

than surface-level syntax or program execution. 524

5.4 Structural Hallucinations 525

We first analyze structural hallucinations, which 526

capture failures in maintaining a coherent geomet- 527

ric state during construction. We define a struc- 528

tural hallucination as an error that introduces un- 529
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Table 1: Overall performance on GeoBuildBench. All models are evaluated with a maximum of 5 interaction steps.
Lower is better (↓) for steps, hallucinations, missing objects, and failed constraints.

Model Success Rate (%) Avg. Steps ↓ Hallucinations
/ Prob. ↓

Missing
Objects ↓

Failed
Constraints ↓

GPT-5.1 78.9 1.87 0.40 939 1119
Gemini-3-Flash 75.3 1.55 0.34 329 932
Qwen3-VL-235B 42.2 2.30 2.30 2042 1817
LLaMA-3.2-90B-Vision 21.3 2.23 2.38 1823 1584

Table 2: Structural hallucination frequency and recovery behavior on GeoBuildBench. Lower is better (↓) for all
metrics.

Model Hallucinations
per Problem ↓

Recovery Steps
per Hallucination ↓

Avg. Success
Steps ↓

GPT-5.1 0.40 1.29 1.87
Gemini-3-Flash 0.34 1.17 1.55
Qwen3-VL-235B 2.30 1.74 2.30
LLaMA-3.2-90B-Vision 2.38 1.79 2.23

defined geometric references, syntactically invalid530

DSL programs, or mismatches between declared531

and produced objects.532

Table 2 shows that hallucination frequency533

varies substantially across models. Gemini-3-Flash534

and GPT-5.1 exhibit low hallucination rates (0.34535

and 0.40 per problem, respectively), while Qwen3-536

VL-235B and LLaMA-3.2-90B-Vision produce537

more than two hallucinations per problem on aver-538

age.539

Across all models, the most frequent halluci-540

nation type is undefined reference, where a DSL541

command refers to a geometric object that has not542

been instantiated. This trend holds consistently543

across models (see Appendix G.2), with weaker544

models exhibiting an order-of-magnitude increase545

in such errors. This indicates that most failures546

arise from difficulties in tracking and reusing pre-547

viously constructed geometric objects, rather than548

from superficial syntax issues. The prevalence of549

such errors highlights the challenge of maintaining550

a consistent internal object graph over multi-step551

geometric construction.552

A detailed quantitative breakdown of hallucina-553

tion types, missing objects, and failed verification554

conditions is provided in Appendix G.4.555

5.5 Feedback Sensitivity and Error Recovery556

GeoBuildBench explicitly exposes agents to visual557

renderings and structured constraint feedback after558

each construction attempt. This enables analysis559

not only of how often models make structural er-560

rors, but also of how effectively they recover from561

them.562

We quantify recovery behavior using the average 563

number of steps required to resolve a hallucination 564

once it occurs. As shown in Table 2, frontier mod- 565

els recover quickly from structural errors. Gemini- 566

3-Flash achieves the fastest recovery (1.17 steps per 567

hallucination), followed by GPT-5.1 (1.29 steps), 568

indicating that these models often correct errors 569

immediately after receiving feedback. 570

In contrast, Qwen3-VL-235B and LLaMA-3.2- 571

90B-Vision exhibit substantially weaker recovery 572

behavior, requiring 1.74 and 1.79 steps per hallu- 573

cination, respectively. Despite being allowed the 574

same interaction budget, hallucinations in these 575

models frequently persist across iterations rather 576

than being resolved. 577

Importantly, hallucination frequency and recov- 578

ery speed capture complementary aspects of agent 579

behavior. Some models exhibit frequent structural 580

errors but are nevertheless able to interpret feed- 581

back and repair them efficiently. Others fail both 582

to maintain a stable geometric state and to exploit 583

feedback for correction. These results demonstrate 584

that iterative interaction alone is insufficient: ef- 585

fective geometry construction requires sensitivity 586

to explicit structural feedback and the ability to 587

update internal representations accordingly. 588

5.6 Auxiliary Constructions and Geometric 589

Flexibility 590

A distinctive feature of GeoBuildBench is that it 591

permits auxiliary geometric objects and construc- 592

tions that are not explicitly mentioned in the prob- 593

lem statement. This design mirrors standard human 594

geometric practice, where additional points, circles, 595
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Table 3: Vision ablation on open-weight models.

Model Setting Success Rate (%) Avg. Steps ↓ Missing
Objects ↓ Failed

Constraints ↓ Halluc. ↓

Qwen3-VL-235B with vision 42.2 2.30 2042 1817 928
no vision 39.1 2.08 131 100 85

LLaMA-3.2-90B-Vision with vision 21.3 2.23 1823 1584 819
no vision 23.1 2.19 2408 2165 1108

or perpendiculars are often introduced to satisfy596

metric or angular constraints.597

We observe that successful models frequently598

exploit this flexibility. Both GPT-5.1 and Gemini-599

3-Flash regularly introduce helper constructions,600

such as circles to enforce length constraints or per-601

pendicular lines to realize right angles. These aux-602

iliary objects are retained in the construction state603

but ignored by the verification module as long as604

all required objects and constraints are satisfied.605

In contrast, weaker models rarely make effective606

use of auxiliary constructions. Instead, they tend to607

omit required relations or repeatedly attempt to sat-608

isfy constraints without constructing the necessary609

geometric support. This behavior suggests a more610

superficial treatment of geometric relations and an611

inability to flexibly leverage geometric properties.612

By allowing auxiliary constructions, GeoBuild-613

Bench evaluates not whether a model reproduces a614

canonical diagram, but whether it can use geometry615

as a toolkit to realize constraints. This capability616

is largely invisible to benchmarks based on visual617

similarity or single-shot diagram generation.618

5.7 Ablation Study619

We conduct a controlled vision ablation on the two620

open-weight models. For each model, we toggle621

image inputs (with vision vs. no vision) while keep-622

ing the agent–environment loop, interaction budget,623

and prompting template fixed. Table 3 summarizes624

the ablation outcomes. Overall, enabling vision625

produces small changes in headline success rates,626

but large shifts in failure-mode profiles (missing627

objects, failed conditions, and structural hallucina-628

tions).629

For Qwen3-VL, enabling vision yields a modest630

success increase (42.2% vs. 39.1%), but substan-631

tially increases all verifier-diagnosed error signals:632

missing required objects (2042 vs. 131), unsatisfied633

conditions (1817 vs. 100), and structural halluci-634

nations (928 vs. 85). This suggests that vision can635

help Qwen identify viable construction ideas more636

often, but it simultaneously destabilizes symbol637

binding and state tracking (e.g., referencing ob- 638

jects not yet created or not present in the current 639

construction state). 640

For LLaMA-3.2-Vision, enabling vision does 641

not improve success (21.3% vs. 23.1%), but it con- 642

sistently reduces structural errors: missing objects 643

(1823 vs. 2408), failed conditions (1584 vs. 2165), 644

and hallucinations (819 vs. 1108). This pattern in- 645

dicates that vision primarily improves output clean- 646

liness and object referencing correctness, while the 647

dominant remaining bottleneck is geometric plan- 648

ning and constraint satisfaction. 649

5.8 Discussion 650

Taken together, our results show that performance 651

on GeoBuildBench is governed primarily by a 652

model’s ability to maintain a coherent geometric 653

state, recover from structural errors using explicit 654

feedback, and flexibly employ auxiliary construc- 655

tions. High success rates correlate with low hallu- 656

cination frequency and fast recovery, rather than 657

with raw model size or general vision-language 658

capacity. 659

A key implication is that many failure modes re- 660

vealed by GeoBuildBench would likely be missed 661

by evaluation protocols that rely only on visual 662

plausibility or answer correctness. A diagram can 663

look reasonable to a human observer while violat- 664

ing essential geometric relations, and an agent may 665

reach the correct answer despite an internally in- 666

consistent or incomplete construction. In contrast, 667

GeoBuildBench makes these errors explicit by ver- 668

ifying object existence and constraint satisfaction. 669

Overall, these findings suggest that current 670

MLLMs—despite strong performance on conven- 671

tional geometry tasks—still struggle with robust, 672

executable geometry construction. GeoBuildBench 673

offers a controlled testbed for diagnosing such lim- 674

itations and for supporting future work on struc- 675

turally grounded, agentic reasoning for geometry. 676

Additional breakdowns of hallucination cate- 677

gories, missing-object cases, and violated verifi- 678

cation conditions are reported in the Appendix. 679
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Limitations680

GeoBuildBench is designed to benchmark681

grounded, executable geometry construction, but682

it does not fully cover the space of geometric683

language understanding or geometric reasoning.684

The benchmark scope is intentionally constrained.685

Tasks focus on Chinese plane-geometry problems686

and a practical, closed set of required-object types687

and verification condition templates. As a result,688

performance on GeoBuildBench may not transfer689

directly to (i) other languages (e.g., English690

problem statements), (ii) broader Euclidean topics691

that rely on relations outside our condition-type set,692

or (iii) settings that require richer mathematical693

context (e.g., analytic geometry, 3D geometry, or694

non-Euclidean variants). Relatedly, the action695

space is defined by our Geometry Construction696

DSL. While it is expressive for common construc-697

tions, it remains a DSL abstraction rather than a698

full-featured dynamic geometry system, and agent699

behaviors may differ under alternative tooling or700

interaction primitives. Moreover, the reported701

model results are contingent on a particular702

interactive protocol (vision-enabled feedback,703

fixed iteration budget, and a specific prompting704

and harness design). Different step budgets,705

feedback granularity, or prompting strategies may706

change absolute success rates and error profiles.707

We therefore recommend interpreting the reported708

numbers primarily as evidence about failure709

modes and relative robustness under our controlled710

setting, rather than as definitive rankings across all711

geometry-construction regimes.712
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A GeoDSL Quick Reference770

Syntax. Each command follows:771

command : inputs -> outputs772

Commands are executed sequentially. Outputs are773

named objects that can be referenced by later com-774

mands.775

Numeric literals and expressions. GeoDSL sup-776

ports inline numeric literals (integers and floats)777

and arithmetic/trigonometric expressions for co-778

ordinates, radii, and angles. Supported opera-779

tors/functions include +,-,*,/,( ) and sin, cos,780

tan. Angles can be specified in degrees (e.g., 90°,781

45deg) or radians (e.g., 1.5708rad, 1.5708r);782

unitless angles default to degrees.783

Design note. GeoDSL is a construction language:784

it provides commands to build geometric objects785

rather than to assert constraints. Auxiliary con-786

structions (additional points, lines, or circles) are787

allowed.788

A.1 Primitive Object Constructors789

Table 4 summarizes the primitive commands for790

creating geometric objects in GeoDSL, including791

points, lines, segments, rays, circles, and angle792

objects. All primitives deterministically create con-793

crete geometric entities that can be referenced in794

subsequent commands.795

A.2 Construction Operators796

Table 5 lists operators for common geometric con-797

structions, including intersections, parallel and per-798

pendicular lines, midpoints, and rotations.799

A.3 Measurement and Arithmetic Utilities800

Table 6 lists commands for distance measurement801

and basic arithmetic operations. Most arithmetic802

can alternatively be expressed via inline expres-803

sions.804

B Verification Semantics and Failure805

Modes806

This appendix formally specifies the geometric ver-807

ification semantics used in GeoBuildBench. It de-808

fines the scope of supported verification conditions,809

the object-level coverage checks applied to each810

construction, and the interpretation of verification811

failures as distinct forms of structural hallucination.812

B.1 Verification Scope and Object Coverage 813

Each task instance specifies a set of required geo- 814

metric objects and a set of verification conditions. 815

Verification proceeds only after executing the gener- 816

ated GeoDSL program and instantiating a concrete 817

geometric state. 818

GeoBuildBench does not aim to cover all possi- 819

ble geometric relations that may appear in natural- 820

language problems. Instead, verification is defined 821

over a finite and explicitly enumerated set of condi- 822

tion types that (i) frequently occur in textbook-style 823

plane geometry problems and (ii) admit reliable nu- 824

merical evaluation. This closed design ensures de- 825

terministic checking and consistent interpretation 826

across instances. 827

Before evaluating relational constraints, the veri- 828

fier first checks object coverage, ensuring that all 829

required geometric entities are explicitly present in 830

the final construction. The object types considered 831

include: (i) points, (ii) segments, (iii) lines, (iv) 832

circles, and (v) polygonal objects when specified 833

by the task. 834

Missing objects are treated as verification fail- 835

ures regardless of whether auxiliary constructions 836

are permitted. This separation allows the bench- 837

mark to distinguish failures caused by omitted en- 838

tities from those arising from incorrect geometric 839

relations. 840

B.2 Supported Verification Condition Types 841

GeoBuildBench evaluates a finite and explicitly de- 842

fined set of verification condition types. Although 843

natural-language geometry descriptions may ex- 844

press the same relation in diverse surface forms, all 845

conditions are normalized into this fixed set dur- 846

ing dataset curation (see Section 4.1). As a result, 847

downstream verification and hallucination diagno- 848

sis operate on canonicalized geometric semantics 849

rather than on raw linguistic expressions. 850

The supported condition types cover a broad 851

range of geometric semantics and can be grouped 852

into the following categories. 853

Incidence and topological relations. These con- 854

ditions verify whether geometric objects satisfy 855

required incidence or ordering relations, including 856

point-on-line, point-on-segment, point-on-circle, 857

collinearity, concurrency, concyclicity, order-on- 858

line, and related variants (e.g., extensions or arc- 859

based relations). 860

10



Table 4: Primitive object constructors in GeoDSL.

Category Command Inputs Outputs / Description

Point point –, x y, line,
circle

Creates a point. Coordinates create a fixed
point; line/circle inputs sample a point on
the object.

Line line A B Line through points A and B.
Line line_bisector A B Perpendicular bisector of segment AB.
Segment segment A B Segment with endpoints A and B.
Ray ray A B Ray starting at A and passing through B.
Circle circle O A, O r Circle centered at O, defined by a point or

radius.
Angle angle A B C Angle at vertex B formed by rays BA and

BC.
Constant const int, const

Measure
v Creates numeric or length constants.

Table 5: Construction operators in GeoDSL.

Command Inputs Outputs Description

intersect obj1 obj2 P or P Q Intersection of geometric objects (e.g., line–
line, line–circle).

parallel_line P ref l Line through P parallel to a reference object.
orthogonal_line P line l Line through P perpendicular to a given line.
midpoint A B M Midpoint of segment AB.
rotate P θ Center Q Rotates point P by angle θ around Center.

Metric and angular constraints. Metric con-861

ditions enforce equality, sum, or ratio relations862

among distances, segments, or angles. These in-863

clude distance equality, segment equality, angle864

value, angle equality, angle sum, angle ratio, and865

segment ratio. Specialized constraints such as866

isosceles triangle, right triangle, and perimeter con-867

straints are treated as derived metric relations.868

Directional and structural relations. Paral-869

lelism, perpendicularity, perpendicular bisectors,870

and diameter-based conditions are verified as struc-871

tural relations that constrain the global configura-872

tion of objects. Violations typically indicate geo-873

metrically infeasible constructions rather than local874

numerical error.875

Curvature and tangency relations. Tangency-876

related conditions, including tangent, tangent at877

point, and line-is-tangent, verify first-order contact878

between linear and circular objects under numerical879

tolerance.880

Polygonal and higher-level properties. When881

polygonal objects are specified, the verifier checks882

polygon type, regular polygon constraints, square883

constraints, and associated polygon properties.884

These conditions are evaluated through their in- 885

duced metric and angular relations rather than 886

through symbolic assertions. 887

B.3 Numerical Tolerances and Equivalence 888

Handling 889

All metric and angular conditions are evaluated 890

under fixed numerical tolerances to account for 891

floating-point imprecision. For angular constraints, 892

both the measured angle and its reflex (360◦ − θ) 893

are treated as equivalent to avoid spurious failures 894

due to orientation ambiguity. Distance-based con- 895

ditions are normalized to be invariant to global 896

scaling applied during rendering. 897

B.4 Interpretation of Verification Failures 898

Verification failures are interpreted as evidence 899

of distinct structural failure modes in the agent– 900

environment loop. Importantly, because all condi- 901

tions are expressed in a canonicalized form, failure 902

diagnosis is independent of the original linguistic 903

realization of the constraint. 904

Non-existent object references. Conditions that 905

reference undefined geometric entities indicate hal- 906

lucinated symbols that were never constructed in 907

the executable geometry. 908
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Table 6: Measurement and arithmetic utilities in GeoDSL.

Command Inputs Outputs Description

distance A B d Distance between points A and B.
sum a b c Addition.
minus a b c Subtraction.
product a b c Multiplication.
ratio a b c Division.

Missing required constructions. Failures of ob-909

ject coverage or incidence relations reflect omis-910

sions of required points, segments, lines, or circles,911

even when auxiliary constructions are allowed.912

Geometrically infeasible relations. Violations913

of parallelism, perpendicularity, tangency, or angle914

constraints typically arise from internally incon-915

sistent or infeasible configurations that cannot be916

satisfied simultaneously.917

Semantic mismatch under tolerance. Near-918

satisfied metric or angular constraints that fall out-919

side numerical tolerance indicate partial semantic920

understanding rather than syntactic or execution921

failure.922

By explicitly separating object coverage, canoni-923

calized relational verification, and numerical eval-924

uation, GeoBuildBench enables semantics-aware925

diagnostics that go beyond textual correctness or926

visual similarity and directly probe structured geo-927

metric reasoning.928

C Full Agent System Prompt929

Listing 1: Full system prompt used for all agents in
GeoBuildBench.

930
931

You are a geometry problem-solving agent that932
uses a Domain-Specific Language (DSL) to933
construct geometric figures.934

935
Your task is to read Chinese geometry problems936

and generate DSL code that creates the937
geometric construction described in the938
problem.939

940
## DSL Syntax Overview941

942
Format: command : inputs -> outputs943

944
### Basic Commands945
# Points946
point : 100 150 -> P947

948
# Mathematical Expressions (NO SPACES!)949
point : 50+30 100-20 -> Q950
point : cos(30°) sin(30°) -> R951
point : 100*cos(45°) 100*sin(45°) -> S952

point : (100+100*cos(115°)) (0+100*sin(115°)) -> 953
P 954

955
# Lines & Segments 956
line : A B -> line_AB 957
segment : A B -> seg_AB 958
ray : A B -> ray_AB 959

960
# Circles 961
circle : O A -> circle_O 962
circle : O 50 -> circle_O 963
circle : O 100*sin(60°) -> c 964

965
# Angles & Rotation 966
angle : A B C -> angle_ABC 967
rotate : P 60 Center -> P_rot 968
rotate : P 60° Center -> P_rot 969

970
# Constructions 971
midpoint : A B -> M 972
orthogonal_line : P line -> perp 973
parallel_line : P line -> para 974
intersect : line1 line2 -> P 975
intersect : line circle_O -> P1 P2 976
line_bisector : A B -> bisector 977
angular_bisector : A B C -> bis 978

979
# Triangle Centers 980
incenter : A B C -> I 981
circumcenter : A B C -> O 982
incircle : A B C -> circle_I 983
circumcircle : A B C -> circle_O 984

985
## CRITICAL RULES 986
1. Define before use 987
2. One definition per label 988
3. NO polygon command 989
4. Construct, don't assert 990
5. Use expressions for precision 991992

D Task Parsing and Annotation Prompts 993

This appendix reports the exact prompts used to fil- 994

ter, clean, and annotate Chinese geometry problems 995

for inclusion in GeoBuildBench. These prompts 996

define the construction suitability criteria and the 997

formal extraction of geometric objects and verifica- 998

tion conditions. 999
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D.1 Construction Suitability Filtering Prompt1000

1001
Analyze this geometry problem for GEOMETRIC1002

CONSTRUCTION suitability.1003
1004

Problem: {problem_text}1005
1006

Your task:1007
1. Determine whether this problem is suitable1008

for geometric figure construction1009
2. Remove non-construction content (questions,1010

scores, diagram references, etc.)1011
3. Keep ONLY the geometric setup conditions1012

1013
REJECTION CRITERIA (return is_valid: false if1014

ANY apply):1015
1016

1. Undefined Points:1017
- "angle E = 40 degrees" (point E is not1018
geometrically defined)1019

- "angle BDC = 30 degrees" (point D is not1020
defined)1021

- Valid: "point D lies on segment AB, angle1022
BDC = 30 degrees"1023

1024
2. Ambiguous Angles:1025

- "angle D = 26 degrees"1026
- Valid: "angle ABC = 50 degrees"1027

1028
3. Diagram-Dependent Angle Labels:1029

- "angle 1 = 30 degrees, angle 2 = 45 degrees1030
"1031

1032
4. Incomplete Constraints:1033

- "AB is parallel to CD, angle E = 40 degrees1034
" (angle location undefined)1035

1036
5. Pure Calculation Problems:1037

- Problems that only ask for numerical values1038
without defining a constructible figure1039

1040
CLEANING RULES:1041
- Remove score indicators1042
- Remove diagram references (e.g., references to1043

figures)1044
- Remove questions or proof requests1045
- Remove multiple-choice answers1046
- Remove any text appearing after result or1047

query markers1048
(e.g., result clauses, questions, or proof1049

statements)1050
1051

KEEP:1052
- Shape definitions (e.g., triangles,1053

quadrilaterals)1054
- Explicit point positions1055
- Measurements (lengths, angles)1056
- Geometric relations (parallel, perpendicular,1057

etc.)1058
1059

Return JSON:1060
{1061

"is_valid": true/false,1062
"cleaned_text": "geometry construction1063

conditions only",1064
"rejection_reason": ""1065

}1066
1067

Only return the JSON.10681069

D.2 Formal Construction Annotation Prompt 1070

1071
Parse this geometry problem and extract 1072

construction requirements. 1073
1074

Problem: {problem_text} 1075
1076

TASK 1: Extract geometric objects and conditions 1077
TASK 2: Classify into ONE category 1078
TASK 3: Rate construction difficulty (1-5) 1079

1080
Return JSON: 1081
{ 1082

"required_objects": { 1083
"points": [], 1084
"segments": [], 1085
"lines": [], 1086
"circles": [], 1087
"polygons": [] 1088

}, 1089
"verification_conditions": [], 1090
"category": "...", 1091
"difficulty": 3 1092

} 1093
1094

SUPPORTED CONDITION TYPES: 1095
- parallel, perpendicular, collinear, concurrent 1096
- angle_value, angle_equality, angle_sum, 1097

angle_ratio 1098
- segment_equality, segment_ratio, perimeter 1099
- point_on_segment, midpoint_of, order_on_line 1100
- point_on_circle, tangent_line, diameter 1101
- triangle_valid, isosceles_triangle, 1102

right_triangle 1103
- polygon_property, polygon_type, square, 1104

regular_polygon 1105
1106

CRITICAL RULES: 1107
- All points must be explicitly defined 1108
- Use only supported condition types 1109
- difficulty reflects construction complexity, 1110

not solving difficulty 1111
1112

Only return JSON. 11131114

E Dataset Statistics and Annotation 1115

Details 1116

This appendix provides detailed statistics and an- 1117

notation information for GeoBuildBench, comple- 1118

menting the high-level description in the main text. 1119

We report the distribution of problem categories 1120

and construction difficulty levels, and clarify the 1121

principles used during difficulty annotation. 1122

E.1 Category Distribution 1123

GeoBuildBench spans a diverse range of plane- 1124

geometry topics commonly appearing in middle- 1125

and high-school textbooks. Each problem is as- 1126

signed to a single high-level category based on its 1127

primary geometric structure and constraints. 1128

Table 7 reports the distribution over categories. 1129

Circle- and triangle-based constructions constitute 1130
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the majority of the dataset, while a substantial por-1131

tion involves angle relationships, geometric trans-1132

formations, and metric constraints. Polygonal con-1133

structions and similarity or congruence relations1134

are also included, ensuring coverage beyond simple1135

primitive configurations.1136

Table 7: Category distribution of GeoBuildBench (489
problems).

Category Count Ratio (%)

Circle 154 31.5
Triangle 143 29.2
Angle Relationships 80 16.4
Geometric Transformations 41 8.4
Polygon 32 6.5
Metric Relations 25 5.1
Similarity & Congruence 9 1.8
Basic Constructions 5 1.0

E.2 Construction Difficulty Annotation1137

Each problem in GeoBuildBench is annotated with1138

a discrete construction difficulty level ranging from1139

1 (Very Easy) to 4 (Hard). Importantly, this diffi-1140

culty score reflects the complexity of constructing1141

the geometric configuration itself, rather than the1142

difficulty of solving any associated numerical or1143

proof-based question.1144

Difficulty levels are assigned during dataset cura-1145

tion based on the following factors: (i) the number1146

of required geometric objects, (ii) the degree of de-1147

pendency between constructions (e.g., intersection-1148

defined points or chained auxiliary constructions),1149

and (iii) the precision and interaction of metric and1150

angular constraints. Problems that require multiple1151

auxiliary constructions or tight constraint coordina-1152

tion are rated as higher difficulty.1153

Table 8: Construction difficulty distribution in
GeoBuildBench.

Difficulty Level Count Ratio (%)

Level 1 (Very Easy) 54 11.0
Level 2 (Easy) 238 48.7
Level 3 (Medium) 162 33.1
Level 4 (Hard) 35 7.2

E.3 Interpretation and Use in Evaluation1154

The distribution shows that GeoBuildBench is dom-1155

inated by Easy and Medium instances, reflecting1156

the structure of typical educational geometry prob-1157

lems. At the same time, the inclusion of a non-1158

trivial fraction of Hard instances enables stress-1159

testing of multi-step construction, auxiliary reason- 1160

ing, and error recovery under feedback. 1161

During evaluation, difficulty labels are not ex- 1162

posed to the models. Instead, they are used only for 1163

analysis, allowing us to examine how construction 1164

complexity correlates with success rate, hallucina- 1165

tion frequency, and feedback utilization. 1166

F Illustrative Construction Examples 1167

This appendix presents two representative exam- 1168

ples to illustrate the nontrivial nature of geometric 1169

construction from natural-language descriptions. 1170

The first example demonstrates a problem that is 1171

constructible but requires non-obvious auxiliary 1172

constructions. The second example highlights a 1173

problem that appears well-specified in text yet 1174

is geometrically inconsistent and therefore incon- 1175

structible. Together, these examples clarify both 1176

the capabilities and the limitations addressed by 1177

GeoBuildBench. 1178

F.1 Example A: Constructible 1179

(Tangent–Diameter Configuration) 1180

Problem (translated). Let PA and PB be tan- 1181

gents to circle O at points A and B. Let AC be a 1182

diameter. Given ̸ APB = 40◦. 1183

Why this example is nontrivial in our setting. 1184

GeoDSL is a construction language (construct, 1185

don’t assert): it cannot directly assert “PA is tan- 1186

gent” or “̸ APB = 40◦”. Instead, the agent must 1187

explicitly construct a concrete configuration that re- 1188

alizes tangency (via perpendicularity to radii) and 1189

matches the target angle, potentially introducing 1190

auxiliary objects. 1191

A normalized executable instance (one of many 1192

valid constructions). This problem does not 1193

uniquely determine a single diagram up to coor- 1194

dinates. Therefore, the agent may instantiate any 1195

concrete configuration that satisfies the constraints. 1196

A convenient choice uses the tangent–tangent angle 1197

identity: 1198

̸ APB = 180◦ − ̸ AOB. 1199

Thus, enforcing ̸ APB = 40◦ can be achieved by 1200

setting ̸ AOB = 140◦ in a normalized coordinate 1201

system. Importantly, this 140◦ is not a literal num- 1202

ber read from the text; it is an intermediate value 1203

introduced to instantiate one valid configuration. 1204
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Executable GeoDSL construction1205

Listing 2: A valid GeoDSL construction for Example A
(normalized instance).

1206
point : 0 0 -> O1207
point : 100 0 -> A1208
point : 100*cos(140°) 100*sin(140°) -> B1209

1210
circle : O A -> circle_O1211
line : O A -> line_OA1212
line : O B -> line_OB1213

1214
orthogonal_line : A line_OA -> tangent_A1215
orthogonal_line : B line_OB -> tangent_B1216
intersect : tangent_A tangent_B -> P1217

1218
rotate : A 180° O -> C1219
segment : P A -> PA1220
segment : P B -> PB1221
segment : A C -> AC12221223

Rendered diagram. Figure 2 shows the diagram1224

rendered by our execution engine.1225

Figure 2: Example A (constructible): a rendered dia-
gram from the GeoDSL program in Listing 2. The co-
ordinates instantiate one normalized configuration; cor-
rectness is judged by verified geometric relations (tan-
gency via perpendicularity to radii, and ̸ APB = 40◦),
not by matching a unique canonical layout.

F.2 Example B: Well-Formed but1226

Inconstructible1227

Problem. In triangle △ABC, BD is a median.1228

Given AB = 5, BC = 3, and the perimeter of tri-1229

angle △ABD equals 11, determine the perimeter1230

of triangle △BCD.1231

Claim. There exists no triangle △ABC satisfy-1232

ing all of the following conditions simultaneously:1233

• BD is a median of △ABC (so D is the mid-1234

point of AC),1235

• AB = 5,1236

• BC = 3,1237

• the perimeter of △ABD is 11.1238

Proof. Since BD is a median, point D is the 1239

midpoint of AC, and hence 1240

AD = DC =
AC

2
. 1241

Let 1242

AD = x and BD = 6− x, 1243

which follows from the perimeter condition of 1244

△ABD: 1245

AB +BD +AD = 11 1246

⇒ 5 +BD +AD = 11 1247

⇒ BD +AD = 6 1248

Applying Apollonius’ theorem to triangle 1249

△ABC with median BD, we obtain 1250

AB2 +BC2 = 2

(
BD2 +

(
AC

2

)2
)
. 1251

Substituting the known values, 1252

25 + 9 = 2
(
(6− x)2 + x2

)
. 1253

Simplifying yields 1254

2x2 − 12x+ 19 = 0. 1255

The discriminant of this quadratic equation is 1256

∆ = (−12)2 − 4 · 2 · 19 = 144− 152 = −8 < 0. 1257

Since the discriminant is negative, the equation has 1258

no real solutions. Therefore, no real values of AD 1259

and BD satisfy all given constraints. 1260

Conclusion. No triangle △ABC exists that sat- 1261

isfies the stated conditions. Although the problem 1262

appears coherent and complete in natural language, 1263

its geometric constraints are internally inconsistent. 1264

Such problems are explicitly excluded during the 1265

dataset curation process described in Section 4.1. 1266

G Detailed Evaluation Diagnostics 1267

This appendix provides detailed diagnostic analy- 1268

ses that complement the main results in Section 5. 1269

While the main text focuses on high-level per- 1270

formance trends, the analyses here expose how 1271

and why models fail, with a particular emphasis 1272

on structural hallucinations, missing constructions, 1273

constraint violations, and feedback utilization in 1274

the agent–environment loop. 1275
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Table 9: Overall diagnostics on GeoBuildBench. All runs use a maximum of 5 interaction steps. Lower is better (↓)
for hallucinations, recovery steps, missing objects, and failed conditions.

Model Success (%) Total
Problems

Hallucinations
/ Prob. ↓

Avg. Halluc.
Recovery ↓

Total
Missing Objects ↓

Total Failed
Conditions ↓

Avg. Success
Steps ↓

GPT-5.1 78.9 493 0.401 1.290 939 1119 1.874
Gemini-3-Flash 75.3 489 0.335 1.175 329 932 1.554
Qwen3-VL-235B 42.2 491 2.303 1.743 2042 1817 2.304
LLaMA-3.2-90B-Vision 21.3 494 2.381 1.794 1823 1584 2.229

G.1 Overall Diagnostics1276

Table 9 summarizes overall diagnostic statistics1277

across all evaluated models. In addition to suc-1278

cess rate, we report hallucination frequency, hallu-1279

cination recovery behavior, and the total number1280

of missing objects and failed constraints. As dis-1281

cussed in Section 5, models with higher success1282

rates also exhibit substantially fewer hallucinations1283

and faster recovery from errors, indicating more1284

effective use of environment feedback.1285

G.2 Structural Hallucination Types1286

Table 10 reports the breakdown of structural hallu-1287

cination types. Across all models, undefined refer-1288

ences dominate, indicating difficulty in maintaining1289

a consistent internal object graph during multi-step1290

construction. Syntax errors and output mismatches1291

are comparatively less frequent and rarely consti-1292

tute the primary failure mode.1293

G.3 Missing Required Objects1294

Table 11 shows the number of missing required1295

objects by geometric type. Missing points and1296

segments account for the majority of omissions,1297

suggesting that models often fail to explicitly in-1298

stantiate all entities described in the text, even when1299

auxiliary constructions are allowed.1300

G.4 Failed Verification Conditions1301

To keep the presentation compact, Tables 12 – 151302

report the top ten most frequently failed verification1303

conditions for each model. Angle-value constraints,1304

incidence relations (e.g., point-on-segment or point-1305

on-line), and metric constraints dominate across1306

models, reinforcing the observation that failures1307

are primarily semantic rather than syntactic.1308

Table 12: Top failed verification conditions for GPT-5.1
(counts).

Condition Type Count

angle_value 304
point_on_circle 135
point_on_segment 131
point_on_line 96
distance_equals 68
segment_equality 66
perpendicular 64
parallel 58
midpoint_of 29
angle_bisector 26

Table 13: Top failed verification conditions for Gemini-
3-Flash (counts).

Condition Type Count

angle_value 332
point_on_segment 110
distance_equals 108
point_on_line 86
segment_equality 49
parallel 42
perpendicular 37
midpoint_of 26
concurrent 23
angle_bisector 19

Table 14: Top failed verification conditions for Qwen3-
VL-235B (counts).

Condition Type Count

angle_value 473
distance_equals 247
point_on_circle 190
point_on_segment 187
perpendicular 99
point_on_line 91
parallel 88
triangle_valid 85
angle_bisector 74
segment_equality 65
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Table 10: Breakdown of structural hallucination types (counts).

Model Undefined Ref. Syntax Error Output Mismatch

GPT-5.1 87 33 74
Gemini-3-Flash 95 46 20
Qwen3-VL-235B 554 297 77
LLaMA-3.2-90B-Vision 486 264 69

Table 11: Missing required objects by object type (counts).

Model Points Segments Lines Circles Polygons

GPT-5.1 406 286 128 35 84
Gemini-3-Flash 135 96 26 6 66
Qwen3-VL-235B 862 736 244 50 150
LLaMA-3.2-90B-Vision 779 637 225 50 132

Table 15: Top failed verification conditions for LLaMA-
3.2-90B-Vision (counts).

Condition Type Count

angle_value 439
point_on_circle 202
distance_equals 175
point_on_segment 166
parallel 88
perpendicular 79
point_on_line 74
angle_bisector 63
segment_equality 60
triangle_valid 54

G.5 Feedback Utilization Indicators1309

Finally, Table 16 isolates two indicators of feed-1310

back utilization: hallucinations per problem and1311

the average number of steps required to recover1312

from hallucinations. Lower values indicate that1313

a model not only makes fewer structural errors1314

but also more effectively incorporates visual and1315

constraint-based feedback when errors occur.1316

Table 16: Feedback utilization indicators.

Model Hallucinations
/ Prob. ↓

Avg. Halluc.
Recovery ↓

GPT-5.1 0.401 1.290
Gemini-3-Flash 0.335 1.175
Qwen3-VL-235B 2.303 1.743
LLaMA-3.2-90B-Vision 2.381 1.794
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