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Abstract

Unified Multimodal Models (UMMs) are redefining the
landscape of artificial intelligence by coupling perception
and generation across language, vision, and structured
reasoning. Yet, despite their growing sophistication, a
critical gap persists in evaluation: existing benchmarks
largely measure discriminative understanding or uncon-
strained generation in isolation, overlooking the integrated
generative reasoning required for genuine multimodal in-
telligence. To address this, we introduce GGBench, the
benchmark explicitly designed to evaluate geometric gen-
erative reasoning—the ability of a model to understand,
reason about, and construct a solution within a unified
framework. Each instance in GGBench contains precisely
aligned natural-language instructions, executable GeoGe-
bra code, and rendered diagrams, enabling deterministic
and interpretable verification of a model’s reasoning and
constructive fidelity. The benchmark comprises 1,411 rigor-
ously curated problems covering eight categories and mul-
tiple difficulty levels, resulting in over 7,000 aligned visu-
alizations. We propose a comprehensive tri-modal evalu-
ation protocol that jointly assesses textual planning qual-
ity, code executability, and geometric accuracy of gener-
ated diagrams through both automated and human-in-the-
loop judging. Extensive experiments on both state-of-the-
art UMMs and general Large Language Models (LLMs) re-
veal a large performance gap between end-to-end gener-
ation and reasoning-grounded construction. GGBench es-
tablishes a new standard for testing multimodal systems that
must not only understand but also build, marking a crucial
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step toward grounded, verifiable generative intelligence.

1. Introduction

Artificial intelligence research is undergoing a profound
paradigm shift, evolving from the foundational era of pas-
sive perception to the more sophisticated stage of contextual
understanding [2], and now culminating in the frontier of
active generation. This evolutionary leap is epitomized by
the recent advent of UMM s [72], such as the groundbreak-
ing GPT-40 [19] and Nano Banana [11], which demon-
strate an unprecedented ability to fluently process, reason
across, and synthesize information from a diverse spectrum
of modalities. These UMMSs can not only understand com-
plex visual and textual inputs, but also generate rich outputs;
notably, advanced systems like Unified-1O 2 [26] can even
produce images, audio, or actions in response to multimodal
instructions. Despite these breakthroughs, existing evalua-
tion benchmarks lag behind. They primarily assess discrim-
inative reasoning such as selecting an answer or classifying
a visual input, and thus fail to capture the generative di-
mension of intelligence [59]. This limitation is particularly
acute in geometry, where genuine comprehension is insepa-
rable from the ability to plan and build a diagram via multi-
step spatial reasoning [54]. In practice, even strong multi-
modal systems still struggle to interpret intricate geometric
setups and to generate constructions that are both consistent
and satisfy all constraints [12, 45].

The trajectory of evaluation benchmarks over recent
years reflects a push toward increasingly complex cogni-
tion, yet also reveals a gap in evaluating generative rea-
soning. Early benchmarks targeted single-modality reason-
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This circle intersects circle ¢ at A and another point, C.

2. With E as the center and a radius of AQ, draw a circle.
This circle intersects circle ¢ at A and another point, D.

3. Connect points A, B, C, D, and E sequentially.

-

(c) 6GBench: Understanding & Generation

Figure 1. GGBench’s step-by-step evaluation. Beyond traditional text-image pairs, GGBench provides executable code for each construc-

tion step, allowing for precise and automated verification.

ing or generation, primarily for LLMs in purely textual do-
mains. For example, GSM8K [8] and MATH [16] estab-
lished rigorous tests for mathematical problem-solving in
text, requiring models to parse word problems and gener-
ate final answers through a step-by-step reasoning chain.
Techniques such as chain-of-thought prompting greatly im-
proved performance on these datasets [53]. Building on this
progress, the community introduced multimodal reasoning
challenges that incorporate visual context. Benchmarks like
ScienceQA [27] require models to combine text understand-
ing with image comprehension [44], and the recent Math-
Vista suite [28] amalgamates 28 math and visual datasets to
evaluate mathematical reasoning in visual contexts. These
tasks, aimed at Multimodal LLMs (MLLMs), represent a
critical step toward contextual understanding — models must
interpret a question against an image or figure — but they re-
main largely discriminative. The model is still to answer or
classify based on given content, rather than to create new
content. The latest multimodal benchmarks have started to
probe both understanding and generation capabilities, but
often in a decoupled fashion. Efforts like MME [73], MM-
Vet [66], and MMBench [25] evaluate a broad range of per-
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ceptual and cognitive tasks to score models on each ability
individually. Critically, however, even these comprehensive
benchmarks treat understanding and generation as separate
modules. This fragmentation means we lack evaluation of
the integrated cognitive process — the scenario where a sys-
tem must simultaneously understand, reason, and generate
a complex outcome. We argue that geometric construction
offers an ideal setting to assess this integrated ability—what
we term generative reasoning. A capable model must:

e Parse natural-language instructions with domain-

specific constraints;

¢ Formulate a multi-step plan grounded in formal geo-

metric principles;

* Generate precise figures that satisfy all constraints.
Crucially, success is directly verifiable: constructions ad-
mit objective checks over objects and relations rather than
subjective judgments alone.

To close this gap, we present GGBench, a benchmark
purpose-built for geometric generative reasoning. As shown
in Figure 1, each problem provides tri-modal supervi-
sion—aligned text with step-wise reasoning, executable Ge-
oGebra code, and rendered diagrams—enabling determinis-



tic, step-by-step verification. GGBench supports both end-
to-end UMM evaluation and modular diagnosis of planning
and code generation. Our evaluation protocol can jointly
measure (1) textual plan quality, (2) code executability and
geometric equivalence, and (3) visual fidelity, combining
both automated metrics with human review. As extensive
experiments show, state-of-the-art UMMs exhibit a pro-
nounced gap between answering about geometry and con-
structing geometry, underscoring the need for verifiable,
construction-centric evaluation. GGBench establishes this
rigor by turning “understand and reason” into “understand,
reason, and build” manner.

2. Related Work

2.1. Mathematical Reasoning Benchmarks

Early benchmarks such as GeoQA [5] provides valuable
testbeds but narrowly targets plane figures and evaluates
models on answer accuracy. Several recent benchmarks like
MATH-Vision [47], MathVista [28], and MathVerse [71]
have broadened the scope of evaluation by combining vi-
sual and textual information. Specialized datasets like Poly-
Math [13] evaluates general cognitive reasoning in mul-
timodal settings, requiring models to combine visual pat-
tern recognition with mathematical logic. MathScape [75]
uses real-world photographs for math questions. GeoE-
val [70] compiled a comprehensive suite of geometry ques-
tion. SolidGeo [51] focuses on solid/3D geometry, whereas
VisAidMath [30] evaluates the use of visual aids such as
drawing auxiliary lines in geometry. In a different vein,
MMSciBench [64] evaluates multimodal scientific prob-
lems, covering both math and physics questions in tex-
tual and text+image formats. VideoMathQA [37] assesses
long-horizon mathematical reasoning in educational videos,
and NewtonBench [74] challenges LL.M-based agents to
discover scientific laws through interactive experimenta-
tion. MathOPEval [21] requires models to perform fine-
grained visual operations by generating executable code
like constructing, modifying, or annotating a diagram. Dy-
naMath [77] introduces dynamic variations of visual math
problems to test robustness. MaRVL-QA [35] uses unla-
beled function plots and geometry transformations as in-
puts that minimizes textual cues. MM-MATH [43] exem-
plifies this shift by augmenting outcome evaluation with
process evaluation. We-Math [36] draws inspiration from
human problem-solving principles and decomposes prob-
lem into sub-problems aligned with knowledge concepts.
Math2Visual [46] introduces the task of generating peda-
gogically useful diagrams for math word problems. Most
recently, Geoint-R1 [54] integrates auxiliary element con-
struction with formal verification, and MathCanvas [41] en-
abled a unified multimodal model [10] to learn "when and
how” to draw as part of its reasoning process.
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2.2. The Rise of Unified Multimodal Models

UMMs signifies a pivotal architectural shift, not merely
in the unification of modalities, but more fundamentally
in the unification of understanding and generation capa-
bilities within a single framework [72]. Recent examples
of UMMs include GPT-40 [19] and Gemini 2.5 [9], as
well as powerful open-source alternatives such as Janus se-
ries [6, 31, 55], Qwen-VL [4, 49], and OmniBridge [57],
are all designed to seamlessly transition between com-
prehension and synthesis. Other efforts include Apple’s
MM1 [32] and Google’s Nano Banana (Gemini 2.5 Flash
Image) [11]. There are also hybrid systems like MM-
ReAct [63], which augment an LLM with external visual
tool interfaces rather than a single unified network. On the
one hand, the understanding capabilities of these models
have been rigorously validated across a vast landscape of
benchmarks. They have achieved exceptional performance
on testbeds like MMMU [67] for expert-level knowledge,
MME-Unify [60] for holistic perception and cognition, and
MathVista [28] for visual mathematical reasoning. Mod-
els explicitly designed for deep comprehension, such as
Query-Kontext [42] and MAGUS [20], further demonstrate
this proficiency. On the other hand, the generative prowess
of UMMEs is rapidly advancing, moving far beyond sim-
ple image captioning. Models like Bagel [10] and its suc-
cessor Hyper-Bagel [29] showcase sophisticated generative
abilities honed by novel training techniques. Application-
specific models like ChartSketcher [ 18] can synthesize data
visualizations from text, while generative models like Ling-
shu [61], VARGPT [76], and HaploOmni [58] exhibit ad-
vanced faculties for creating complicated and context-aware
multimodal content. The development of sophisticated
evaluation frameworks like UniEval [22] and reward mod-
els such as Skywork-VL Reward [52] reflects a growing ef-
fort to quantify and guide complex generative behaviors.

2.3. Code-based Evaluation for Reasoning Tasks

To enable rigorous evaluation, a growing body of work
adopts code as a structured mechanism for assessment,
leveraging the verifiable nature of code over free-form
natural language explanations. MathCoder-VL [48] em-
ploys image-to-code supervision to ensure precise Vi-
sual-textual alignment, while MATP-BENCH [15] inte-
grates formal theorem proving in Lean, Coq, and Isabelle
for verifiable multimodal logic. VeriEquivBench [68] pro-
poses an equivalence-based validation metric for verify-
ing consistency between generated code and specifica-
tions. InternLM-Math [65] unifies solving and verifying
under a single framework with interleaved reasoning and
code execution. DeepMath-103K [14] provides a large,
contamination-free dataset with verifiable answers for re-
inforcement learning with rule-based rewards. MathQ-
Verify [39] targets problem validity itself through a struc-



Table 1. Distribution of reasoning categories in GGBench. Each
problem may involve multiple categories.

Category Count
Basic Constructions 1,063
Circle Properties & Constructions 931
Geometric Transformations 376
Triangle Properties & Constructions 280
Applications of Geometric Theorems 218
Polygon Properties & Constructions 107
Measurement & Ratios 92
Locus Constructions 30
Total category tags 3,097

tured verification pipeline. CMMaTH [23] introduces a
large Chinese multimodal math benchmark and an open-
source automatic grader, while MARIO Eval [69] standard-
izes automated evaluation across mathematical datasets.
U-MATH [7] assess university-level reasoning and meta-
evaluate LLM judges. In parallel, QuesCo [33] captures
holistic mathematical intent through contrastive pretraining.
While recent multimodal datasets [28, 36, 40, 47, 50, 75]
have advanced the field, they seldom enforce a verifiable
alignment between the natural language reasoning steps.

3. The GGBench Benchmark

3.1. Overview

We introduce GGBench, a geometric generative reason-
ing benchmark designed to evaluate UMMs through end-
to-end construction tasks. Unlike conventional discrimina-
tive benchmarks that evaluate models solely on final answer
selection or numerical computation, GGBench operational-
izes the assessment of whether a system can genuinely con-
struct a geometrically valid solution.

A defining feature of GGBench is its tri-modal data
structure, where each sample comprises precisely aligned
text, code, and image components. It enables a uniquely
versatile and diagnostic evaluation framework. For in-
stance, the complete, end-to-end task of generating a fi-
nal image from a textual prompt serves as the primary test
for the integrated generative reasoning of UMMs. Con-
currently, the benchmark can be decoupled to probe spe-
cific capabilities: the natural language reasoning steps (text)
and their translation into executable programs (code) can be
used to assess the logical planning and code generation fac-
ulties of LLMs. The provided GeoGebra code acts as an
unambiguous ground truth, offering a deterministic method
for verifying the geometric correctness of any generated
figure. An overview of the dataset construction pipeline
is shown in Figure 2, which defines the stage annotations
(a)—(f) referenced throughout the paper.
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3.2. Dataset construction

Data collection and candidate pooling We manually
search the web for public geometry problems and assem-
ble a pool that spans classical constructions and contest-
style tasks (Figure 2, stage (a)). To scale selection be-
yond purely manual effort, we use an LLM for assisted
tagging and filtering (LLM-i in the figure) and then con-
duct human checking to retain items that are suitable for
construction—i.e., problems with unambiguous geometric
dependencies and diagrammatically actionable conditions
(Figure 2, stage (b)). This stage emphasizes diversity in
objects and relations (e.g., circles, tangents, incenters, par-
allels) while discarding under-specified prompts.

Prompt design and problem adaptation To elicit end-to-
end construction in GeoGebra only, we design a composite
prompt that pairs a textual specification with exemplar GGB
code (Figure 2, stage (c)). In parallel, we prepare a refor-
mulation prompt family that converts the selected problems
into construction-oriented statements with explicit auxiliary
objects and ordered dependencies (Figure 2, stage (d)). In
practice, GPT-5 [34] serves as the primary authoring model
during adaptation (LLM-ii), while GGB-oriented prompt
templates are informed by prior engineering with Gem-
ini 2.5 Pro [9] to improve syntactic fidelity. The outcome
is a set of adapted problems whose reasoning steps align
one-to-one with executable GGB operations.

Solution generation and visualization Given an adapted
problem and its data-generation prompts, GPT-5 [34]
(LLM-iii) produces synchronized outputs: (i) stepwise rea-
soning text, (ii) executable GGB code, and (iii) a rendered
diagram obtained by running the code (Figure 2, stage (e)).
This stage focuses on faithful construction: steps material-
ize auxiliary objects (e.g., angle bisectors, tangents, paral-
lels), code reflects those steps, and the rendered figure vi-
sualizes the target configuration. At this point we obtain
roughly ~ 10,000 draft instances prior to filtering.
Automated screening and expert finalization The final
stage involved a rigorous two-tier filtering process: (i) We
perform LLM-based quality control (LLM-iv) along three
axes—code executability, logical consistency of the con-
struction process, and diagram correctness to remove low-
quality drafts (Figure 2, stage (f)); (ii) All surviving in-
stances underwent a review by domain experts who veri-
fied geometric correctness, the sufficiency of the construc-
tion, and the precise consistency across modalities. After
this two-tier filtering, GGBench retains 1,411 high-quality
items with tightly aligned text—code—image triplets. A de-
tailed statistical analysis of the dataset is provided as below.

3.3. Dataset Analysis

Category Distribution and Difficulty GGBench covers
eight major categories of geometric reasoning, as detailed in
Table 1. Each problem may involve multiple skills, result-
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Figure 2. Overview of the GGBench data construction pipeline. Prompts (LLM i-iv) are detailed in Appendix A

ing in 3,097 category annotations. As shown in Figure 3,
Basic Constructions and Circle Properties & Constructions
are predominant across all difficulty levels, while advanced
reasoning types—such as Applications of Geometric Theo-
rems and Measurement & Ratios—become more frequent
in the hard subset, ensureing balanced coverage from ele-
mentary to advanced geometric reasoning.

Dataset Composition and Scale GGBench comprises
1,411 GeoGebra-based construction problems that integrate
reasoning, code, and visual outputs. Table 2 summarizes
overall dataset statistics, including problem types, difficulty
levels, image counts, and question lengths. Most prob-
lems belong to the medium difficulty (57.83%), balancing
solvability and reasoning complexity. Straightedge-and-
compass constructions dominate (56.6%), followed by ge-
ometric transformation and analytic constructions. Each
problem includes between 3 and 7 diagrams, averaging 5.08
images per problem, providing dense visual evidence for
evaluating generative reasoning.

Token Length and Reasoning Path As shown in Table 2,
question length ranges from 68 to 483 tokens, averaging
189.83 tokens. It reflects the multi-step reasoning nature
of GGBench, requiring the model to plan, describe, and
validate geometric constructions. On average, each prob-
lem contains 5.08 images, and carries 2.20 category tags,
indicating that GGBench is both visually dense and multi-
skill by design. The five-image setting is the most com-
mon, providing ample visual evidence for stepwise con-
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Figure 3. Difficulty distribution and category composition in GG-
Bench. The inner ring shows the proportion of difficulty lev-
els (Easy/Medium/Hard), while the outer ring presents category
shares within each difficulty band.

struction. Figure 3 further shows a progressive shift toward
higher-order skills (e.g., Applications of Geometric Theo-
rems, Measurement & Ratios) in the hard subset.



Table 2. Corpus-level statistics of GGBench.

Problem types

Straightedge-and-compass construction 798
Geometric transformation construction 426
Analytic construction 187
Difficulty levels

Easy 298
Medium 816
Hard 297
Images per problem

3 images 7
4 images 227
5 images 860
6 images 283
7 images 34
Total images 7,165
Question length (tokens)

Minimum 68
Maximum 483
Average 189.83

3.4. Comparison with Existing Benchmarks

Table 3 situates GGBench among representative multi-
modal math benchmarks along two groups of axes: (i) capa-
bility coverage—the proportion of samples that exercise un-
derstanding, generation, and multi-step reasoning; and (ii)
modality supervision—whether problems provide aligned
text, images, and code. We normalize modality coverage
as a binary indicator in the table (v//X) for readability.
Generative construction vs. answer selection Most
benchmarks [28, 75] emphasize recognition or answer se-
lection. Even when generation is present [71], outputs are
rarely required to be constructive artifacts that satisfy con-
straints. By contrast, every GGBench instance requires pro-
ducing diagrams with formal constraints, shifting evalua-
tion from choosing an answer to constructing evidence.
Tri-modal alignment and verifiability A central gap in
prior work is the absence of code supervision. It is diffi-
cult to verify whether a model’s reasoning aligns with the
final diagram. GGBench provides 100% alignment between
text (stepwise plan), code (executable construction), and
image (rendered diagram), enabling process-level judging,
program executability checks, and geometry-aware verifi-
cation within a single benchmark.

Multi-step supervision While some datasets include multi-
step elements [43, 71], they do not couple each step with ex-
ecutable constructions, limiting verifiability. GGBench en-
forces multi-step reasoning at /00% and ties steps to code,
ensuring that auxiliary objects and dependencies are opera-
tionalized rather than narrated.

Takeaway Together, these dimensions position GGBench
as a construction-centric benchmark that unifies under-
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standing, reasoning, and generation under a verifiable
framework. It complements prior understanding-oriented
datasets, offering a rigorous testbed for the next generation
of unified multimodal reasoning models.

4. Experiments

We evaluate models under two complementary tracks that
correspond to distinct architectural paradigms: (A) end-
to-end UMMs that directly generate diagram images from
natural-language prompts, and (B) LLMs/LRMs that first
produce explicit, executable construction code which is then
rendered into diagrams. This dual-track evaluation allows
us to quantify and analyze the gap between UMMSs’ im-
mediate visual generation and the geometrically grounded,
code-driven constructions produced by LLMs/LRMs. De-
tailed experimental setups are in the Appendix B.1.

4.1. Metrics

To evaluate geometric generative reasoning, We adopt a
four-stage protocol: (1) Planning, (2) Middle Process, (3)
Final Result, and (4) Overall Scores. All automatic scores
are produced by a VLM GPT-40 using fixed prompts.

(1) Planning (VLM-T) measures the model’s ability to for-
mulate a coherent step-by-step plan in natural language be-
fore any code or drawing is produced. Given the textual rea-
soning output, the VLM judge scores each response along
three dimensions: (i) Logical coherence, (ii) Step complete-
ness, and (iii) Geometric correctness. Each criterion is rated
on a 1-5 scale and rescaled to [0,100]. Details of the judg-
ing rubric and prompt design appear in Appendix B.2.

(2) Middle process (VLM-I-Mid) To evaluate intermedi-
ate reasoning consistency, we concatenate all intermediate
construction images into a chronological panel and feed it
to the same VLM judge. The model assesses: (i) Step ac-
curacy and (ii) Process consistency. Implementation and
prompt details are provided in Appendix B.4.

(3) Final result (VLM-I-Res) assesses the geometric cor-
rectness of the final diagram relative to the reference so-
lution. In addition, we report pixel-level metrics—LPIPS,
PSNR, and SSIM. Details are in Appendix B.3.

(4) Overall scores The overall VLM score (VLM-I) is
computed as the mean of the intermediate VLM-I-Mid and
final scores VLM-I-Res. Human raters follow the same
rubric as the VLM judge; inter-rater consistency and cali-
bration procedures are detailed in Appendix B.6. We ob-
serve a strong Pearson correlation (r = 0.9295) between
VLM and human scores, validating the high reliability of
our automated evaluation for this task.

4.2. Main Results

Table 4 summarizes the overall performance across both
tracks. End-to-end UMMSs remain significantly behind
code-driven models in nearly all evaluation dimensions.



Table 3. Comparison with existing multimodal mathematical benchmarks. Percentages under Understanding/Generation/Multi-step indi-
cate the share of samples exercising each capability. Text/Image/Code report modality support (%).

Benchmark Understanding Generation Multi-step Text Image Code
MathVista [28] 49.9 34.8 21.5 v v X
MathVerse [71] 61.3 52.7 45.2 v 4 X
MM-MATH [43] 31.0 26.5 82.0 v v X
MathScape [75] 44.2 39.8 18.5 v v X
GeoEval [70] 46.0 25.0 33.3 v v X
WE-MATH [36] 58.7 51.9 42.6 v v X
MMSciBench [64] 55.4 32.8 40.2 v v X
MATH2VISUAL [46] 48.0 37.0 X 4 v X
PolyMath [13] 54.6 X X v X X
SOLIDGEO [51] 49.5 18.7 6.7 4 4 X
GGBench 100.0 100.0 100.0 v v v
Table 4. Main results on GGBench. Higher is better (1) except for LPIPS ({).
Model ‘ Planning ‘ Middle Process ‘ Final Result ‘ Overall Scores

| VLM-T 1| VLM-I-Mid 7 | VLM-I-Res T LPIPSx10~% | PSNR 1 SSIMx10~*1|VLM-I1 Human 1

End-to-end UMMs

Qwen-Image [56] - - 22.75 56.39 58.23 48.06 22.75 25.56
Seedream 4.0 [38] - - 24.45 51.06 59.44 56.44 24.45 37.56
Janus [55] 33.85 21.69 19.76 57.74 57.76 60.97 20.73 19.46
BAGEL [10] 23.07 21.84 19.99 57.07 61.78 58.82 20.91 20.12
Nano Banana [9] 58.54 44.83 22.81 51.85 64.53 59.51 33.82 45.75
LLMs/LRMs
GPT-40 [19] 59.73 26.19 2.66 95.43 5.45 5.69 14.43 23.04
GLM-4.5V [17] 53.32 25.63 5.02 5291 12.19 12.94 15.33 30.14
Qwen3-14B [62] 58.65 39.30 12.97 78.81 23.92 24.81 26.13 38.23
Gemini 2.5 Pro [9] 38.50 37.41 15.80 68.39 37.17 39.73 26.61 44.68
DeepSeek-R1 [24] 61.16 62.42 20.48 66.06 37.94 37.59 41.45 49.55
GPT-4 [1] 55.66 50.99 15.10 67.35 35.26 38.31 33.04 55.99
Qwen3-VL [62] 56.40 49.55 23.94 39.40 52.33 58.71 36.74 66.77
DeepSeek-V3.1 [24] 60.24 73.13 26.41 57.21 48.33 50.12 49.77 68.12
Claude Sonnet 4.5 [3] | 61.19 77.92 30.29 5222 51.74 50.52 54.11 72.12
GPT-5 [34] 62.01 76.79 37.36 49.65 54.80 59.49 57.08 83.06

Even the strongest UMM, Nano Banana, ranks only in the
middle tier of code-based systems, illustrating that direct
visual generation still struggles to enforce geometric con-
straints. Additional code-level metrics of LLMs/LRMs are
reported in Table 5 of the Appendix.

The planning stage (VLM-T) evaluates a model’s capac-
ity to reason step-by-step before any code or drawing is
produced. Interestingly, Nano Banana achieves planning
scores comparable to several LLMs/LRMs. However, mod-
els such as GPT-40 and GLM-4.5V, despite generating co-
herent plans, often fail to produce executable code, limit-
ing their downstream visual accuracy. This gap demon-
strates that high-level reasoning alone is insufficient without
grounding in executable geometry.

The final-result scores (VLM-I-Res) show that code-
driven models consistently satisfy geometric constraints
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more precisely. Explicit reasoning followed by executable
construction substantially outperforms direct visual genera-
tion. While good planning does not always guarantee per-
fect constructions, poor planning almost invariably leads to
invalid diagrams—emphasizing the necessity of integrated
reasoning—generation pipelines. Moreover, high PSNR or
SSIM does not necessarily imply geometric correctness:
pixel-level similarity can conceal structural errors such as
misplaced intersections or missing tangencies. This ob-
servation reinforces the importance of reasoning-grounded
evaluation over purely perceptual metrics.

4.3. Performance by Construction Category

Figure 4 presents VLM-I scores across eight construction
categories. GPT-5 [34] consistently ranks highest, reflect-
ing its strong capacity for both symbolic execution and
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Figure 4. VLM-I scores across eight construction categories. Each cell reflects the average reasoning quality for a model-category pair.

spatial coordination. Claude-Sonnet-4.5 [3] and DeepSeek
v3.1 [24] follow closely, especially in categories emphasiz-
ing geometric regularity and quantitative precision. Qwen3-
VL [62] performs well in structurally constrained tasks
like Basic Constructions and Triangle Properties but lags in
proportion-based reasoning. On the other end, models such
as GPT-4o [19], GLM-4.5V [17], and Qwen-Image [56]
consistently underperform, with average scores below 23
across most categories, suggesting broad limitations in spa-
tial grounding. Categories that demand accurate applica-
tion of geometric theorems or strict measurement reason-
ing prove most difficult, as evidenced by widespread perfor-
mance drops across the board. These results reinforce the
need for construction-level benchmarking to surface fine-
grained differences in multimodal reasoning competence.

4.4. Error Analysis

Figure 5 illustrates two typical examples that highlight rea-
soning and construction errors. Additional failure cases are
provided in Appendix D.2. In the first example, the model
misinterprets the constraint and produces the exact inverse
of the intended geometry. Instead of constructing a rectan-
gle inscribed within a circle, it generates a circle inscribed
inside a square. In the second example, the textual instruc-
tions are logically correct and follow the ground-truth rea-
soning sequence. However, the corresponding visual out-
puts (Steps 2—4) are severely inconsistent with both the text
and geometric principles. Key entities—such as the circle’s
center O and the midpoint M of radius O A—are misplaced,
and the perpendicular bisector is drawn incorrectly.

5. Conclusion
We introduce GGBench, a benchmark designed to evaluate
geometric generative reasoning, addressing the gap between
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LI L L Lo o}
| Given a circle with center O, construct a rectangle ABCD inscribed within it. !

@_"'J Model Response

from Step 2: "Principle: The rectangle is inscribed in the circle,
meaning all its vertices lie on the circle. "

Ground Truth

The center of a circle is the midpoint of any of its diameters. Reflecting a
point on the circle's circumference through the center yields its diametrically
opposite point. he two constructed diameters, AC and BD, will serve as the
diagonals of the inscribed rectangle.

<0 a
Given a circle with center O and diameter AB, construct points C and D on th
\ circle such that the chord CD is the perpendicular bisector of the radius OA.

@ Model Response

Step 1: Construct the circle, center O, and diameter AB
Step 2: Construct the radius OA and its midpoint M
Step 3: Construct the perpendicular bisector of OA
Step 4: Find points C and D and construct chord CD

‘
I
I

Step 1 Step 2 Step 3
3 .'

Ground Truth

Figure 5. Error analysis of representative failure cases.

multimodal understanding and structured, verifiable gener-
ation. Through extensive experiments across both end-to-
end UMMs and reasoning-grounded LLMs/LRMs, we ob-
served a systematic gap between unconstrained visual gen-
eration and code-based constructive reasoning. GGBench
establishes a rigorous and interpretable testbed for UMMs.
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