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Abstract

Multimodal large language models (MLLMs)
have achieved strong performance on
perception-oriented tasks, yet their ability
to perform mathematical spatial reasoning,
defined as the capacity to parse and manip-
ulate two- and three-dimensional relations,
remains unclear. While humans easily master
textbook-style spatial problems, current
MLLMs exhibit substantially higher error
rates, exposing a fundamental weakness in
spatial comprehension. To investigate this
gap, we present MathSpatial, a controlled
diagnostic benchmark and training resource
for mathematical spatial reasoning in MLLMs.
MathSpatial provides two complementary
subsets: MathSpatial-Bench (2,000 problems)
uses minimal-noise educational diagrams
to isolate spatial reasoning from perceptual
confounds, and MathSpatial-Corpus (8,000
problems) provides verified solutions and
detailed operation-typed structured reasoning
traces for training. Benchmarking 20+ MLLMs
reveals a severe deficit: non-reasoning models
largely languish below 60% accuracy, and
even the strongest reasoning models fall ∼16
percentage points behind human performance
(96.3%). Crucially, we demonstrate that
fine-tuning on MathSpatial-Corpus yields
consistent performance gains across model
families. At the 10,000-example scale,
MathSpatial provides a practical resource for
diagnosing and advancing spatial reasoning
with clean, costly-to-curate supervision.

1 Introduction

Multimodal large language models (MLLMs)
have advanced rapidly on perception-oriented
tasks (Sarto et al., 2025; Kuang et al., 2025; Ye
et al., 2025). However, whether MLLMs can truly
perform spatial reasoning, the ability to parse and

*Equal contribution.
†Core contributors.
‡Corresponding author.

manipulate 2D and 3D relationships, remains an
open question. This ability is central to higher-
level cognition and underpins applications such
as robotic manipulation (Yuan et al., 2025), au-
tonomous driving (Tian et al., 2025), and embodied
intelligence (Feng et al., 2025), yet we find current
models frequently fail on problems that humans
solve with ease, as shown in Figure 1(a).

Existing research (Zha et al., 2025; Tang et al.,
2025) on spatial reasoning has made notable
progress, yet three challenges remain (Figure 1b).
First, existing benchmarks intentionally span natu-
ral scenes, rendered environments, and educational
diagrams (Ma et al., 2025; Wang et al., 2024; Jia
et al., 2025; Zhang et al., 2024). This breadth is
valuable, but differences in visual complexity, su-
pervision, task format, and scoring can make rea-
soning errors difficult to separate from perceptual
failures. Second, few resources combine diagnos-
tic evaluation with large-scale, verified training su-
pervision for mathematical spatial reasoning, as
summarized in Table 1. Third, most methods treat
spatial reasoning as an end-to-end black-box map-
ping (Chen et al., 2024a; Ray et al., 2024), without
interpretable intermediate supervision, making it
difficult to diagnose failure modes or provide tar-
geted improvements.

Building on these insights, we introduce Math-
Spatial, a controlled diagnostic benchmark and
training resource for mathematical spatial reason-
ing in MLLMs. Grounded in simple yet diagnostic
educational problems, MathSpatial advances the
field along three dimensions: controlled evalua-
tion through minimal-noise diagrams, large-scale
training data with verified solutions, and structured
annotations that support interpretable reasoning.

To mitigate perceptual confounds, MathSpatial-
Bench provides 2,000 evaluation problems us-
ing clean geometric diagrams with minimal back-
ground and texture, isolating reasoning from vi-
sual noise. It spans three categories—Holistic
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Figure 1: Left: On MathSpatial-Bench, humans achieve over 95% accuracy while most non-reasoning MLLMs
remain below 60%; even GPT-5 falls short of human-level performance. Right: Three core challenges of spatial
reasoning and the design of MathSpatial to address them.

Recognition, Generative Inference, and Abstract
Deduction—across 11 subtypes, enabling fine-
grained diagnostic analysis. On this benchmark,
humans achieve 95%+ accuracy while most non-
reasoning MLLMs remain below 60%, and even
the strongest reasoning model reaches only ∼80%.
To address data scarcity, MathSpatial-Corpus of-
fers 8,000 training problems sourced from text-
books and exam banks spanning primary to high
school levels, covering tasks from three-view recog-
nition to geometric property calculation, each with
human-verified solutions. To enable interpretable
reasoning, each problem is further annotated with
structured reasoning traces composed of three
atomic operations (CORRELATE, CONSTRAIN, and
INFER) providing explicit intermediate supervi-
sion beyond black-box training. All data under-
goes multi-stage quality control including geomet-
ric consistency checking, cross-split deduplication,
and solution verification.

In summary, our contributions are threefold:
• We collect and release MathSpatial, a 10,000-

example resource of high-quality spatial reason-
ing problems with multi-stage quality control.
It consists of MathSpatial-Bench (2K problems
across 3 categories and 11 subtypes) for con-
trolled diagnostic evaluation and MathSpatial-
Corpus (8K problems with human-verified solu-
tions) for training.

• We provide structured reasoning annotations
for all instances within the MathSpatial-
Corpus, grounded in three atomic operations
(CORRELATE, CONSTRAIN, and INFER). This

yields interpretable intermediate supervision to
catalyze future research in spatial reasoning.

• We benchmark 20+ leading MLLMs on
MathSpatial-Bench. Conventional models strug-
gle to surpass 60% accuracy, and even the most
advanced reasoning models lag behind human
performance (96.3%). Furthermore, our in-depth
error analysis identifies geometric rule violations
and logical reasoning gaps as the predominant
failure modes hindering further progress.

2 Related Work

2.1 MLLM Spatial Reasoning

Multimodal large language models (MLLMs) in-
tegrate textual and visual modalities and have
demonstrated remarkable potential across vision–
language tasks (Li et al., 2023; Chen et al., 2024b;
Bai et al., 2025; Phan et al., 2025). Recent stud-
ies indicate that MLLMs exhibit emerging spatial
reasoning abilities, such as object-relation under-
standing, mental rotation, and geometric transfor-
mation (Yang et al., 2025; Li et al., 2025a; Wang
et al., 2025b), typically enhanced through super-
vised fine-tuning on curated datasets, whose role
in reasoning-oriented vision-language models has
been examined in both survey and empirical stud-
ies; parallel multimodal-generation work studies
human-feedback and preference alignment under
diverse user groups (Yu et al., 2025; Lu et al.,
2025a, 2026a). Recent work also explores geo-
metric imagination for spatial reasoning from lim-
ited views (Chen et al., 2025), while target-aware

27328



Table 1: Comparison with existing spatial/geometry reasoning benchmarks. Vis. Noise: Minimal/Moderate/Heavy.
Source: R/S/E denote real/synthetic/educational data. Supervision: “–” denotes evaluation-only, and SRT denotes
operation-typed traces.

Dataset Source Vis. Noise #Tasks #Samples Answer Supervision Scoring
SpatialVLM (Chen et al., 2024a) R·WebLi Heavy 2 546 Mix Auto Numeric tol.
GeoEval (Zhang et al., 2024) E·Edu Moderate 3 5,050 Mix – Exact match
3DSRBench (Ma et al., 2025) R+S·COCO Heavy 4 6,942 Mix – Exact match
SOLIDGEO (Wang et al., 2025a) E·Edu Moderate 8 3,113 Mix – Exact match
VSI-Bench (Yang et al., 2025) R·Indoor Heavy 8 288 Mix – Numeric tol.
OmniSpatial (Jia et al., 2025) R·Internet Heavy 50 1,387 Closed – LLM judge
MathSpatial (Ours) E·Edu Minimal 11 10,000 Closed Ans+Sol+SRT Exact+Human

Figure 2: MathSpatial source data construction pipeline: Data Collection and Curation → Standardization →
Geometric Consistency Checking → Solution Verification.

calibration data selection studies highlight the im-
portance of preserving uncertainty during model
adaptation (Yang et al., 2026b). For instance,
SpatialVLM (Chen et al., 2024a) and SAT (Ray
et al., 2024) leverage geometric labels and spa-
tial rules, while MM-Spatial (Daxberger et al.,
2025) and Spatial-MLLM (Wu et al., 2025) em-
ploy multi-view 3D scenes and large-scale cor-
pora to strengthen cross-view reasoning. Comple-
mentary multimodal research studies physical dy-
namics and interaction in 3D scenes, while knowl-
edge distillation provides a route toward efficient
transfer to lightweight models (Li et al., 2026a,b,
2025b). However, these approaches rely on free-
form CoT supervision and lack large-scale, sys-
tematically curated training data for mathematical
spatial reasoning, a gap that MathSpatial-Corpus
directly addresses. Inference-time reasoning elici-
tation via reinforcement-based query refinement of-
fers another complementary direction (Zhou et al.,
2026). Adjacent vision work has likewise studied
uncertainty-guided active sampling, self-correcting
visual agents, and consistency-based zero-shot in-
ference (Zhang et al., 2026; Yang et al., 2026a;
Wang et al., 2026); these methods target restoration
or segmentation, whereas our focus is mathemati-
cal spatial reasoning. For distributed deployment,
communication-efficient asynchronous federated

learning and privacy-preserving federated analyt-
ics have been explored for visual recognition (Hou
et al., 2026b,a); MathSpatial instead studies central-
ized diagnostic evaluation and structured reasoning
supervision.

2.2 Spatial Reasoning Benchmarks

Spatial reasoning benchmarks differ substantially
in their goals and construction. SpatialVLM (Chen
et al., 2024a) and 3DSRBench (Ma et al., 2025)
emphasize real or synthetic scenes with substantial
visual complexity; adjacent physically grounded
3D-world synthesis benchmarks broaden the scope
beyond question answering (Lu et al., 2026b). VSI-
Bench (Yang et al., 2025) and OmniSpatial (Jia
et al., 2025) broaden the task range in indoor or
Internet imagery. GeoEval (Zhang et al., 2024) and
SOLIDGEO (Wang et al., 2025a) instead use ed-
ucational geometry and therefore provide a closer
comparison to our setting. These resources also
vary in answer format, supervision, and evaluation
protocol, from exact matching or numeric toler-
ance to LLM-based judging. Table 1 summarizes
these dimensions rather than treating all spatial
benchmarks as directly interchangeable. These
differences also relate to broader concerns about
trustworthiness and reliable evaluation in reasoning
systems (Wang et al., 2025c; Lu et al., 2025b). Re-
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cent mathematical reasoning studies further explore
adversarial constraint graph synthesis, diagnostic
iterative alignment, and exploration-efficient itera-
tive alignment (Yu et al., 2026; Chen et al., 2026;
Rao et al., 2026), reinforcing the importance of data
quality and diagnostic supervision. MathSpatial
occupies a complementary position: its minimal-
noise educational diagrams are deliberately con-
trolled to diagnose mathematical spatial reason-
ing, while its 8K training split supplies verified
answers, solutions, and operation-typed SRT super-
vision. The contribution is thus the combination
of controlled diagnosis and scalable structured su-
pervision, not greater visual complexity or broader
open-ended task coverage.

3 MathSpatial

3.1 Overview

In this section, we present MathSpatial, a large-
scale dataset for evaluating and advancing mathe-
matical spatial reasoning. It comprises 10K prob-
lems: 2K form MathSpatial-Bench for diagnos-
tic evaluation and 8K form MathSpatial-Corpus
for systematic training. Beyond standard problem-
solution pairs, every item in the corpus is anno-
tated with structured reasoning traces (MathSpatial-
SRT) organized around three atomic operations
(CORRELATE, CONSTRAIN, INFER), providing in-
termediate supervision that goes beyond conven-
tional answer-only or free-form CoT annotations.

Figure 3: Examples of three MathSpatial categories.

3.2 MathSpatial Data Collection

To construct MathSpatial, we design a semi-
automated pipeline (Figure 2) that ensures both
large scale and high quality.1

• Collection. We collect spatial reasoning prob-
lems from diverse educational sources across
grades, regions, and textbook editions, focus-
ing on objective answers. From 35,428 raw

1All problems are derived from public educational materi-
als. Copyright-sensitive items are excluded.

candidates, an initial curation step filters struc-
turally incomplete and non-spatial items, retain-
ing 21,673 problems.

• Standardization. All problems are converted
into a unified schema (image, question, choices,
answer, solution). Cross-split de-duplication
(MD5 hashing + GPT-4.1 visual similarity + se-
mantic filtering) and manual verification remove
duplicates and low-quality items, yielding ∼11K
unique samples. Chinese problems are translated
into English with spot-checked quality.

• Geometric Consistency Checking. Rule-
based verification with human-in-the-loop review
checks cross-view correspondence, dashed/solid
line conventions, and orthographic projection
rules. Approximately 0.4K inconsistent items
are removed; remaining cases without annotator
consensus are discarded from the dataset.

• Solution Verification. Problems with official
solutions are retained directly. For the ∼0.8K
items lacking solutions, graduate students trained
in geometry derive solutions with rigorous dual-
reviewer cross-validation to ensure correctness.

• Final Output. After all stages, 10,000 verified
problems remain, partitioned into MathSpatial-
Bench (2K) for evaluation and MathSpatial-
Corpus (8K) for training. As shown in Ta-
ble 1, MathSpatial combines a controlled spatial-
reasoning focus with large-scale answer, solution,
and SRT supervision.

3.3 MathSpatial-Bench
Building on the partition introduced above, we fo-
cus on MathSpatial-Bench, the 2K-problem bench-
mark specifically designed to evaluate spatial
reasoning in multimodal large language models.
Rather than emphasizing scale, the benchmark pri-
oritizes clarity and diagnostic value: problems are
selected to minimize perceptual distractions and to
isolate reasoning skills such as cross-view corre-
spondence, geometric consistency, and deductive
inference under strict conditions.

MathSpatial-Bench covers three major cate-
gories, further divided into eleven subcategories
that reflect representative tasks in human education.
The three categories are Holistic Recognition, Gen-
erative Inference, and Abstract Deduction. Figure 4
illustrates representative examples from each cat-
egory, showing how tasks require different forms
of reasoning such as multi-view correspondence,
geometric consistency, and property deduction.

In total, the benchmark consists of 518 prob-
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Figure 4: MathSpatial-Bench distribution.

lems in Holistic Recognition, 636 in Generative
Inference, and 846 in Abstract Deduction. The de-
tailed distribution across all subcategories is shown
in Figure 4, where for instance Geometric Prop-
erty Calculation (GPC) accounts for 24.1% and
Missing-View Completion (MVC) for 17.9%. The
balance enables fine-grained error analysis and a
comprehensive assessment of model capabilities.

3.4 MathSpatial-Corpus

MathSpatial-Corpus provides 8,000 problems for
training, each comprising a problem image, tex-
tual description, final answer, and detailed solution.
A portion of the problems originally in Chinese
is translated into English, enabling bilingual sup-
port. Together with MathSpatial-Bench, it com-
pletes the evaluation-training loop of MathSpatial
and provides substantial task-aligned supervision
for spatial reasoning.
Structured Reasoning Annotations. Beyond stan-
dard problem-solution pairs, every item is anno-
tated with structured reasoning traces organized
around three atomic operations: CORRELATE (es-
tablishing cross-view correspondences between ge-
ometric entities), CONSTRAIN (applying geomet-
ric and projection rules to enforce consistency),
and INFER (deducing latent attributes or final an-
swers). Concretely, given a problem (x, y), we
use GPT-4o (OpenAI, 2024) to generate operation-
level traces r = (r1, . . . , rT ) under a constrained
schema specifying operation type, arguments, and
assertion. To ensure annotation quality, each trace
is validated through a dual-role review scheme:
a Reviewer agent audits every step for operation-
type errors, contradictions, or missing steps, and a
Checker agent rewrites the trace to correct identi-
fied issues while preserving the schema. This pro-
cess detects and fixes ∼10% of generated traces.
Generation and training. Given a problem (x, y),
we use GPT-4o to generate operation-level traces

r = (r1, . . . , rT ) under a constrained schema (op-
eration type + arguments + assertion). We linearize
(r, y) into a single sequence and apply supervised
fine-tuning. This strategy enables models to learn
not only to predict correct answers but also to pro-
duce interpretable, verifiable reasoning traces that
reflect the atomic operation structure. To reduce
structural or logical noise, each SRT is validated
through a dual-role scheme. In this process, a Re-
viewer agent audits every CORR/CONS/INFER
step for operation-type errors, contradictions, or
missing steps, and a Checker agent rewrites the
trace to correct all identified issues while preserv-
ing the SRT schema.
Corpus Statistics. The corpus spans 11 subtypes
with a K-12 skew: GPC dominates (65%), while
rare tasks (e.g., CR) are <1%. It contains ∼20K im-
ages (2.6/problem) in mixed formats (46% choice,
54% fill-in). Crucially, all bilingual problems fea-
ture structured reasoning traces (avg. 5.3 steps) for
robust supervision. Qualitative example. To illus-
trate the difference between free-form reasoning
and structured traces, Figure 5 compares model out-
puts on the same problem. GPT-4o (OpenAI, 2024)
produces a partially correct but logically inconsis-
tent explanation, while Qwen2.5-VL-7B (Bai et al.,
2025) yields fragmented reasoning with calculation
mistakes. In contrast, MathSpatial-SRT generates a
clear sequence of CORRELATE, CONSTRAIN, and
INFER steps, leading to the correct answer with
transparent intermediate evidence. This highlights
how structured supervision not only improves accu-
racy but also yields interpretable reasoning traces.

4 Experiments

4.1 Experimental Setup

We evaluate a broad range of MLLMs on
MathSpatial-Bench to assess the benchmark’s di-
agnostic capability across model families. Closed-
source systems include GPT-5.4/5/4.1/4o (OpenAI,
2026, 2025, 2024), Gemini-3.1-pro/3-flash/2.5-
pro/2.5-flash (Gemini Team, 2026, 2025b,a), and
Claude Opus 4.6/Sonnet 4.6/Sonnet 4/3.7/3.5 (An-
thropic, 2026, 2025b,a, 2024). Open-source
baselines include Qwen2.5-VL-7B/72B (Bai
et al., 2025), InternVL3-8B (Zhu et al., 2025),
Llama-4-Maverick-17B (Singh, 2025), Kimi-VL-
A3B (Team et al., 2025), GLM-4.5V (Hong
et al., 2025), DeepSeek-VL2-7B (Wu et al.,
2024), Pixtral-12B (Agrawal et al., 2024), Idefics3-
8B (Laurençon et al., 2024), and Llama3-
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Figure 5: Qualitative comparison of model outputs on a sample problem. GPT-4o and Qwen2.5-VL-7B produce
free-form reasoning with inconsistencies or errors, MathSpatial-SRT yields a structured reasoning trace based on
atomic operations (CORRELATE, CONSTRAIN, INFER), leading to a correct solution.

Table 2: Evaluation on MathSpatial-Bench. Accuracy (%) per subtype and average token usage. Red and blue
indicate the best and second-best LMMs per column. Gray indicates models fine-tuned on MathSpatial-Corpus.
† indicates reasoning (thinking) models. Overall results for four key models report mean±standard deviation over
three runs.

Model
Holistic Recognition Generative Inference Abstract Deduction

Overall Avg. Token
C3M 3VM IVI CR MVC VT PRA GPC FPBI SCP PPCD

Closed-Source Models

GPT-5.4 (OpenAI, 2026) 51.0 62.6 61.7 55.4 58.3 41.8 69.7 40.5 50.4 59.2 65.4 54.2±1.1 333.2

GPT-5 (OpenAI, 2025) 28.6 53.7 66.2 48.2 61.6 44.8 71.7 52.3 60.0 68.1 57.7 58.5 676.3

GPT-4.1 (OpenAI, 2025) 2.0 45.5 43.1 26.8 24.1 0.0 55.2 0.0 29.6 18.3 46.2 22.6 676.3

GPT-4o (OpenAI, 2024) 2.0 36.6 34.1 33.9 23.5 1.5 45.5 0.0 26.4 16.4 26.9 19.6 677.4

Gemini-3.1-pro (Gemini Team, 2026)† 71.4 74.0 78.6 66.1 80.4 72.4 88.3 70.7 68.8 73.8 80.8 75.2±0.6 7516.9

Gemini-3-flash (Gemini Team, 2025b)† 73.5 81.3 83.4 71.4 84.0 79.1 85.5 75.9 76.8 76.1 88.5 79.8 10720.7

Gemini-2.5-pro (Gemini Team, 2025a) 31.4 42.5 43.5 26.7 58.5 44.9 28.1 45.6 41.7 49.6 33.3 44.9 913.8

Gemini-2.5-flash (Gemini Team, 2025a) 34.3 42.5 46.7 26.7 58.5 47.8 43.8 50.0 25.0 57.4 33.3 48.5 1115.2

Claude Opus 4.6 (Anthropic, 2026) 44.9 57.7 59.0 50.0 44.5 38.8 69.7 36.7 50.4 49.3 57.7 47.8±0.9 964.2

Claude Sonnet 4.6 (Anthropic, 2026) 42.9 55.3 59.7 39.3 46.2 31.3 74.5 37.1 52.8 44.6 69.2 47.9 941.7

Claude Sonnet 4 (Anthropic, 2025b) 6.1 33.3 46.2 21.4 30.8 1.5 60.7 0.2 32.0 41.3 53.8 26.7 1005.5

Claude Sonnet 3.7 (Anthropic, 2025a) 2.0 36.6 39.3 21.4 21.6 1.5 57.9 0.0 23.2 26.3 34.6 21.5 885.8

Claude Sonnet 3.5 (Anthropic, 2024) 2.0 32.5 42.8 23.2 26.9 0.7 57.2 0.0 24.8 21.1 46.2 22.3 858.6

Open-Source Models

Llama-4-Maverick-17B-128E (Singh, 2025) 24.5 32.5 41.0 25.0 29.1 4.5 47.6 4.6 15.2 29.6 30.8 23.8 845.2

Kimi-VL-A3B-Thinking (Team et al., 2025) 2.0 33.3 31.7 50.0 23.8 0.0 47.6 0.6 23.2 5.6 11.5 18.2 785.2

Qwen2.5-VL-72B-Instruct (Bai et al., 2025) 2.0 33.3 35.9 23.2 26.9 0.0 47.6 0.0 20.8 17.8 19.2 19.7 497.6

GLM-4.5V (Hong et al., 2025) 4.1 32.5 43.4 30.4 23.0 1.5 57.9 0.0 22.4 14.1 30.8 21.0 1391.1

Qwen2.5-VL-7B (Bai et al., 2025) 0.0 32.5 34.8 17.9 24.4 0.0 41.4 0.0 20.0 13.6 15.4 17.8 465.3

InternVL3-8B (Zhu et al., 2025) 0.0 29.3 35.9 23.2 21.3 0.7 40.0 0.0 19.2 14.6 15.4 17.4 473.5

DeepSeek-VL2-7B (Wu et al., 2024) 0.0 14.6 11.7 7.1 5.9 4.5 2.1 2.1 11.2 4.2 7.7 6.6 397.4

Pixtral-12B (Agrawal et al., 2024) 4.1 22.8 34.1 26.8 20.4 1.5 34.5 0.0 8.0 12.2 3.8 15.3 692.3

Idefics3-8B (Laurençon et al., 2024) 0.0 22.8 25.9 14.3 18.2 1.5 22.1 0.0 8.0 6.1 0.0 11.7 294.5

Llama3-8B (Dubey et al., 2024) 10.2 15.4 20.7 17.9 15.1 20.9 23.4 9.3 13.6 12.2 7.7 15.0 785.4

MathSpatial-Qwen2.5-VL-7B 4.1 40.7 46.2 30.4 27.7 0.7 46.2 0.0 21.6 17.4 26.9 21.9±0.8 351.9

MathSpatial-InternVL3-8B 2.0 50.4 36.2 33.9 22.7 11.9 56.6 3.9 23.2 15.5 15.4 22.6 318.3

MathSpatial-Llama3-8B 16.3 30.1 24.5 41.1 20.4 30.6 27.6 10.2 20.8 16.4 7.7 20.3 397.3

Human Performance

Human 100.0 89.4 97.6 98.2 96.1 97.0 95.2 96.5 94.4 97.7 96.2 96.3 –

8B (Dubey et al., 2024). To demonstrate the
training value of MathSpatial-Corpus, we fine-
tune three open-source models (Qwen2.5-VL-7B,
InternVL3-8B, Llama3-8B) on the corpus using
a batch size of 128, learning rate 1 × 10−5, and
5 epochs. To establish a rigorous human upper

bound, we recruited 80 students under closed-book
conditions, with each problem answered by 20 in-
dependent annotators and results reported as micro-
averaged accuracy. Each model is evaluated in
two independent runs, and we expand MathSpatial-
Qwen2.5-VL-7B, GPT-5.4, Gemini-3.1-pro, and
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Claude Opus 4.6 to three runs; Table 2 reports
mean±standard deviation for these four models.

4.2 Benchmark Results
Table 2 presents the evaluation of 20+ MLLMs on
MathSpatial-Bench. The results reveal a persistent
human–model gap: humans exceed 95% accuracy
across all categories, while most MLLMs remain
below 60%, and even the strongest model falls ∼16
points short of human performance.
Reasoning models narrow but do not close
the gap. Gemini-3-flash (Gemini Team, 2025b)
achieves the highest accuracy (79.8%) and dom-
inates nearly all subtypes, benefiting from its ex-
tended thinking capability (10,720 avg. tokens).
Gemini-3.1-pro (Gemini Team, 2026) follows
closely at 75.2±0.6%. However, even these
strongest reasoning models still fall 16–21 points
below human performance (96.3%), indicating that
mathematical spatial reasoning remains fundamen-
tally challenging despite rapid model advances.
Standard models remain substantially weaker.
Among standard (non-reasoning) closed-source
models, GPT-5 (58.5%), GPT-5.4 (54.2±1.1%),
and Claude Opus 4.6 (47.8±0.9%) lead, while the
GPT-4 series (19.6%–22.6%) and older Claude
family (21.5%–26.7%) lag significantly, scoring
near zero on numerically demanding tasks such as
GPC (0.0%–0.2%) and VT (0.0%–1.5%).
Open-source models lag substantially. Most
open-source models cluster in the 15%–24% range.
Even scaling up provides limited benefit: Qwen2.5-
VL-72B (19.7%) only marginally improves over its
7B variant (17.8%). Multiple models score 0.0%
on GPC, indicating a complete inability to perform
geometric property calculations.
Difficulty varies sharply across reasoning cate-
gories. Holistic Recognition is the most accessible:
top models reach 60%–83% on subtypes like IVI
and 3VM. Generative Inference presents a mixed
picture, with MVC well above chance for strong
models but VT near zero for non-reasoning models.
Abstract Deduction is the hardest category over-
all; while PRA is relatively tractable (Gemini-3-
flash (Gemini Team, 2025b): 85.5%), GPC remains
a near-universal failure point (≤4% for all open-
source models), highlighting that multi-step geo-
metric computation is a fundamental bottleneck.
Training on MathSpatial-Corpus demonstrates
clear dataset value. Fine-tuning on MathSpatial-
Corpus consistently lifts performance across all
three backbone models. MathSpatial-InternVL3-

Table 3: Performance comparison on external OOD
benchmarks.

Benchmark
Qwen2.5-VL-7B MathSpatial (Ours) Improvement
Acc↑ Token↓ Acc↑ Token↓ Acc↑ Token↓

SOLIDGEO 15.5 490.2 18.9 385.6 +3.4 -21.3%
GeoEval 17.6 395.4 19.4 367.5 +1.8 -7.1%
3DSRBench (Real) 48.4 752.9 49.7 643.2 +1.3 -14.6%

8B reaches 22.6% (vs. 17.4% base), achieving
the second-highest 3VM score (50.4%) across all
models. MathSpatial-Qwen2.5-VL-7B reaches
21.9±0.8% over three runs; its reference run
scores 22.1%, with gains on IVI (+11.4%), PPCD
(+11.5%), and 3VM (+8.2%). MathSpatial-
Llama3-8B shows the largest VT improvement
(20.9% → 30.6%). Notably, all fine-tuned models
also reduce token consumption by 20%–30% (e.g.,
Qwen2.5-VL-7B: 465.3 → 351.9), demonstrating
that the dataset’s structured annotations promote
both accuracy and reasoning efficiency.

4.3 Generalization to External Benchmarks

To assess whether the improvements from
MathSpatial-Corpus reflect genuine spatial rea-
soning acquisition rather than overfitting to the
training distribution, we evaluate on three external
out-of-distribution (OOD) benchmarks: SOLID-
GEO (Wang et al., 2025a), GeoEval (Zhang
et al., 2024), and the real-world subset of 3DSR-
Bench (Ma et al., 2025).

As shown in Table 3, despite MathSpatial-Bench
being designed to minimize perceptual dependen-
cies, the reasoning skills acquired from our corpus
transfer effectively to perception-heavy and visu-
ally complex domains. MathSpatial-Qwen2.5-VL-
7B achieves consistent accuracy gains (+1.3% to
+3.4%) while simultaneously reducing token us-
age by 7.1%–21.3%. These results confirm that
the structured reasoning traces promote concise
and generalizable reasoning patterns rather than
dataset-specific memorization.

Furthermore, Figure 7 provides a qualitative il-
lustration of why each atomic operation matters:
removing any single operation (CORRELATE, CON-
STRAIN, or INFER) from the structured trace leads
to degraded or incorrect solutions, demonstrating
that all three are essential for spatial reasoning.

4.4 Error Analysis

To better understand the limitations of cur-
rent MLLMs on mathematical spatial reason-
ing, we conduct a fine-grained error analysis on
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Figure 6: Fine-grained error analysis on MathSpatial-Bench. (a) Error frequency distribution for baselines across 6
subcategories. (b) Overall error rate breakdown by failure mode.

Figure 7: MathSpatial-SRT example: complete solution with all operations versus failures when removing Correlate,
Constrain, or Infer.

MathSpatial-Bench. Errors are grouped into six
categories: (1) Projection Error, where models mis-
interpret top, side, or front views; (2) Feature Error,
such as omitting components or inventing edges;
(3) Scale Error, failing to preserve relative sizes;
(4) Geometry Violation, where outputs break or-
thographic or visibility rules; (5) Reasoning Gaps,
incomplete or inconsistent chains of thought; and
(6) Deduction Failure, where models cannot syn-
thesize multiple cues into a final conclusion.

Figure 6(a) reveals distinct weakness profiles
across model families: the GPT-5/4 series is domi-
nated by reasoning gaps, Claude models frequently
violate geometric rules, Gemini-2.5-flash suffers
more from projection and scale errors, while open-
source models like Qwen2.5-VL-7B exhibit pri-
marily reasoning gaps but fewer feature errors. No-
tably, MathSpatial-Qwen2.5-VL-7B (fine-tuned on
our corpus) reduces reasoning gaps compared to
its base model, suggesting that the structured an-
notations in MathSpatial-Corpus help mitigate this
dominant failure mode. As summarized in Fig-
ure 6(b), the majority of errors come from rea-
soning gaps (34.4%) and geometry violations
(33.0%), followed by projection (12.6%) and fea-
ture errors (10.5%). Scale (7.2%) and deduction
failures (2.3%) are less frequent but still harmful.

These findings highlight two core challenges: (i)
enforcing low-level geometric consistency across

Figure 8: Ablation studies on MathSpatial across differ-
ent training strategies (baseline, Base-CoT, SRT CoT)
and model scales (3B, 7B).

views, and (ii) sustaining coherent multi-step rea-
soning chains. Both remain largely unsolved by
most MLLMs, and the fine-grained error taxonomy
provided by MathSpatial-Bench offers a diagnostic
foundation for targeted improvements.

4.5 Ablation Studies
Ablation on Training Strategy. As shown in Fig-
ure 8(a), we compare three variants: vanilla base-
line (Qwen2.5-VL-7B), free-form CoT baseline
(Base-CoT)2, and our structured reasoning traces
(SRT CoT). SRT CoT improves accuracy from
17.8% to 22.1%, gaining +4.3% over baseline and
+2.6% over Base-CoT. The largest improvement
occurs in Holistic Recognition (+10.0%), with
Generative Inference (+3.2%) and Abstract De-
duction (+1.5%) also benefiting. Subtask analysis

2Same generation and training pipeline as MathSpatial-
SRT, but uses free-form reasoning traces.
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shows 3VM, IVI, and CR improve most, indicating
that the CORRELATE/CONSTRAIN operations ef-
fectively reduce cross-view confusion and enforce
geometric consistency. As further illustrated by
Figure 7, removing any single atomic operation
causes distinct degradation, confirming that each
operation is indispensable.
Ablation on Model Scale. Figure 8(b) examines
performance across model sizes. MathSpatial-3B
outperforms its baseline (16.9% → 21.0%, +4.1%),
mirroring the 7B trend: Holistic Recognition shows
the largest improvement (+9.9%), with Generative
Inference (+3.0%) and Abstract Deduction (+1.5%)
also improving. Notable subtask gains appear in
3VM, IVI, CR, PRA, and PPCD, confirming the
robustness of structured supervision across scales.

5 Conclusion

We presented MathSpatial, a large-scale, pub-
licly available dataset for mathematical spatial
reasoning in MLLMs. MathSpatial comprises
MathSpatial-Bench (2K problems) for diagnostic
evaluation across 3 categories and 11 subtypes,
and MathSpatial-Corpus (8K problems) with veri-
fied solutions and structured reasoning annotations
based on three atomic operations. Comprehensive
benchmarking of leading MLLMs reveals a sub-
stantial human–model gap, with humans exceeding
95% accuracy while most models remain below
60%. Fine-grained error analysis identifies geo-
metric rule violations (33.0%) and reasoning gaps
(34.4%) as the dominant failure modes, offering
actionable insights for future model development.
Fine-tuning on MathSpatial-Corpus consistently
improves both accuracy and efficiency across mul-
tiple model families, demonstrating the dataset’s
practical value for advancing spatial reasoning ca-
pabilities. We hope MathSpatial will accelerate
progress in multimodal mathematical spatial rea-
soning and related downstream applications.

Limitations

While our focus on educational geometry prob-
lems ensures strict control over perceptual com-
plexity and enables the precise, high-quality an-
notations necessary for accurately isolating pure
reasoning capabilities from basic visual perception,
this targeted scope naturally differs from the un-
constrained noise of real-world environments. Fur-
thermore, although our framework systematically
covers the static 2D and 3D geometric problems
that constitute the foundational bedrock of spatial

cognition, it leaves dynamic, temporal-spatial sce-
narios for future exploration. Despite these delib-
erate scoping choices, MathSpatial establishes a
robust and comprehensive framework for advanc-
ing spatial reasoning research in multimodal large
language models and future embodied AI.
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A Appendix

A.1 Annotation Guidance

To complement the main pipeline description (Fig-
ure 2), we provide detailed guidance on how an-
notation was conducted in practice. This section
elaborates on the interfaces, annotator workflow,
and validation mechanisms to ensure that the re-
sulting dataset is both reliable and reproducible.

A.1.1 Data Collection and Curation
Source Diversity and Bias Mitigation. Problems
were systematically sourced from multiple online
repositories, including Baidu Wenku, Zujuan, and
provincial exam archives. This strategy ensures
broad coverage across difficulty levels and problem
styles, effectively mitigating stylistic and regional
bias. To avoid subjective labeling bias, we strictly

include only problems with objective numeric or
multiple-choice answers.
Initial Filtering. A total of 35,428 raw candidates
were collected.Annotators systematically removed
structurally incomplete pages, non-spatial ques-
tions (e.g., arithmetic, logic puzzles), and corrupted
scans or duplicated PDF segments. After this rigor-
ous filtering, 21,673 spatially valid items remained,
corresponding to a 61.1% retention rate.
Metadata Recording. Each retained problem was
tagged with rich metadata, including its origin, dif-
ficulty level (easy/medium/hard), and specific ge-
ometric topic (e.g., orthographic projection, 3D
geometry, view-matching).

A.1.2 Preprocessing and Standardization
Unified Schema. Every item was standardized into
a JSON structure: (images, questions, choices,
answer, solution).
Duplicate Detection. We applied a rigorous multi-
stage filtering pipeline combining hashing and se-
mantic analysis. For image-level detection, we
employed MD5 hashing for exact duplicates and
GPT-4.1 vision similarity scoring for diagrams dif-
fering in resolution or scaling. For text-level detec-
tion, we utilized Sentence-BERT encodings. Let Ti

and Tj be the textual content of two problems, and
sim(Ti, Tj) be their cosine similarity. The filtering
action A is defined as:

A(Ti, Tj) =





Discard if sim(Ti, Tj) ≥ 0.90

Manual Review if 0.85 ≤ sim(Ti, Tj) < 0.90

Retain if sim(Ti, Tj) < 0.85

(1)
Following this automated screening, annotators
reviewed approximately 1K cross-set candidate
pairs, removing semantically equivalent statements
or paraphrased variants. After preprocessing, ap-
proximately 11K unique and high-quality items
remained.
Language Standardization. Original Chinese
problems were translated into English using a
commercial API. To ensure terminology consis-
tency, annotators performed spot-checks on approx-
imately 20% of the translated items.

A.1.3 Geometric Consistency Checking
Rule-Based Verification. Automated scripts en-
forced three core geometric constraints: dimen-
sional correspondence across views (Front-Top-
Side length/width/height alignment), correct usage
of dashed/solid lines for hidden/visible edges, and
orthographic projection compliance.
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Human-in-the-Loop Review. Approximately 1K
items were flagged by the validator as potentially in-
consistent. Annotators inspected all flagged cases;
roughly 60% were correctable and repaired, while
the remaining ∼0.4K showed irreconcilable incon-
sistencies and were discarded after senior review.
Codified QA Rubric & Consensus. All surviving
items were evaluated according to a standardized
geometric QA rubric governing view correspon-
dence logic and admissible projection conventions.
Items where annotators could not reach consensus
were strictly discarded.

A.1.4 Solution Verification
Cases With Official Solutions. For problems with
authoritative solutions, we retained them directly
after formatting verification to maintain accuracy.
Cases Without Solutions. For the subset of items
lacking official solutions, we implemented a strict
generation protocol. Six graduate annotators with
backgrounds in geometry or engineering drawing
independently solved assigned subsets. Each solu-
tion was subsequently cross-checked by two addi-
tional annotators, and only problems with unan-
imous agreement were accepted. The protocol
required full justification of intermediate reason-
ing steps and the use of explicit spatial correspon-
dences.

A.1.5 Final Dataset Output
Corpus Scale and Partitioning. The final dataset
consists of over 10K fully curated problems. We
release two subsets: MathSpatial-Bench (2K items)
for systematic evaluation and MathSpatial-Corpus
(8K items) for supervised training.
Unique Properties. MathSpatial combines a con-
trolled focus on spatial reasoning (minimizing
perception-heavy clutter) with authoritative solu-
tion annotations and operation-typed traces at scale.

A.2 Dataset

To provide a detailed understanding of
MathSpatial-Bench, we first present its overall
composition and subcategory definitions, followed
by representative examples from each subcategory.
Together, these provide both a systematic and an
intuitive view of the benchmark.

A.2.1 Subcategory Descriptions
We organized the 2000 problems into 11 fine-
grained subcategories, grouped under three rea-
soning levels: Holistic Recognition, Generative

Inference, and Abstract Deduction. Table 4 summa-
rizes each subcategory with its name, brief descrip-
tion, problem count, and proportion, providing a
structured overview of the dataset’s coverage and
distribution.

A.2.2 Case Studies
To further illustrate the dataset, we provide one
representative problem from each subcategory. As
shown in Figure 9, the examples are arranged in
three columns, corresponding to the three reason-
ing levels (Holistic Recognition, Generative Infer-
ence, Abstract Deduction), allowing readers to vi-
sually grasp the diversity of problem types and the
nature of the reasoning challenges in each category.

A.3 More Details about Results

A.3.1 Comparison Results Analysis
In this section, we provide a detailed perfor-
mance analysis of state-of-the-art models on
MathSpatial-Bench, covering a diverse range
of both closed-source and open-source systems.
(1) Among closed-source models, the reasoning
models Gemini-3-flash (Gemini Team, 2025b)
(79.8%) and Gemini-3.1-pro (Gemini Team, 2026)
(75.2±0.6%) achieve the highest overall perfor-
mance, followed by GPT-5 (58.5%) and GPT-5.4
(54.2±1.1%). Claude Opus 4.6 and Sonnet 4.6
reach 47.8±0.9% and 47.9% respectively, substan-
tially outperforming the older Claude and GPT-
4 series (19–27%). Despite being the strongest
model, Gemini-3-flash still falls ∼16 points below
human accuracy (96.3%). (2) Open-source mod-
els perform worse overall, with Qwen2.5-VL-7B,
InternVL3-8B, and Llama3-8B scoring between
15–18%. Scaling to Qwen2.5-VL-72B yields mod-
est improvements (19.7%). These results highlight
both the difficulty of MathSpatial-Bench and the
value of structured supervision in closing the gap
between open-source and proprietary MLLMs.

A.3.2 Human Evaluation Protocol
We established the human baseline through a sys-
tematic evaluation protocol rather than ad-hoc sam-
pling to ensure the statistical significance and re-
producibility of the 96.3% score. The exact specifi-
cations of our study are as follows.

Participants and Demographics. We recruited
Np = 80 middle and high school students from
standard academic tracks who had completed
the corresponding mathematics curriculum but re-
ceived no task-specific training. This setup ensures
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Figure 9: Example problems from each of the 11 subcategories in MathSpatial-Bench, covering the three reasoning
levels: Holistic Recognition, Generative Inference, and Abstract Deduction.
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Table 4: Organization of the MathSpatial Benchmark (2,000 problems). Each subcategory lists the number of
problems (#) and proportion (%). The benchmark spans three levels: Holistic Recognition, Generative Inference,
and Abstract Deduction.

Level Subcategory Brief Description # (%)

Holistic Recognition

C3M Complex 3-view → 3D matching; select the unique 3D model
consistent with three views (hard distractors: symmetry, hid-
den/occluded features).

49 2.5

3VM 3D model → 3-view matching; given a 3D model, choose the
valid set of orthographic projections.

123 6.2

IVI Incorrect view identification; detect the wrong (or only correct)
view given a 3D object or a pair of correct views.

290 14.5

CR Component recognition; identify the correct Boolean composi-
tion of complex structures.

56 2.8

Generative Inference
MVC Missing-view completion; infer a missing orthographic view

from given ones under standard projection rules.
357 17.9

VT Viewpoint transformation; predict the target-perspective view
(tests mental rotation and depth consistency).

134 6.7

PRA Projection-rule application; enforce dashed/solid line conven-
tions and visibility across views.

145 7.3

Abstract Deduction

GPC Geometric property calculation; compute volume, area, angle,
centroid, etc., from multi-view or 3D cues.

482 24.1

FPBI Function & physical behavior inference; predict stability, sup-
port, rolling tendency, or interlock.

125 6.3

SCP Structural change prediction; reason about effects of edits (ad-
d/remove parts, cutouts, holes) on views or properties.

213 10.7

PPCD Path planning & collision detection; infer feasible paths and
collision outcomes in constrained layouts.

26 1.3

that the human baseline reflects typical student-
level spatial reasoning ability, rather than expert-
level annotation or test familiarity.

Scale and Redundancy. To ensure statistical
stability, we enforced a high redundancy coverage
factor (C). Given the total number of problems in
the benchmark Ntotal = 2, 000, and each partici-
pant solving a subset Nsub = 500, the coverage is
calculated as:

C =
Np ×Nsub

Ntotal
=

80× 500

2, 000
= 20× (2)

This 20× redundancy minimizes sampling bias and
provides stable, reproducible accuracy estimates.

Testing Conditions. All participants solved
problems individually under strict closed-book con-
ditions. The use of calculators, search engines, or
geometry software was strictly prohibited; only pen
and paper were permitted for auxiliary sketches.
This ensures that the results reflect unaided human
reasoning.

Accuracy Metric. The reported score is the
micro-averaged accuracy over the total response
set R (|R| = 40, 000). Let ŷi be the participant’s
answer for the i-th response and y∗i be the ground
truth. The human accuracy Acchuman is defined as:

Acchuman =
1

|R|
∑

i∈R
I(ŷi = y∗i ) = 96.3% (3)

where I(·) denotes the indicator function, equal to
1 if the condition holds and 0 otherwise.

A.4 More Details about MathSpatial-SRT

A.4.1 PROOFS FOR MATHSPATIAL-SRT

Proposition 1 (Normal-form coverage). For ev-
ery task in MathSpatial-Bench (the 11 subcate-
gories), there exists a finite sequence of operations
over {CORR, CONS, INFER} that solves the task;
moreover, any valid solution can be transformed
into an equivalent sequence in the correlate → con-
strain → infer normal form.

Proof.
(i) Decomposition. Each subcategory reduces

to three stages: - identify correspondences across
views (CORR); - enforce projection/geometric rules
(CONS); - produce numeric or categorical outputs
(INFER). For example, tasks in Holistic Recogni-
tion (C3M, 3VM, IVI, CR) require establishing
cross-view feature identity and validating composi-
tion rules, while Generative Inference tasks (MVC,
VT, PRA) require applying projection conventions,
and Abstract Deduction tasks (GPC, FPBI, SCP,
PPCD) demand property calculation or feasibility
inference.

(ii) Closure. CORR only augments the corre-
spondence set, while CONS only augments the rule
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set. Both are monotonic updates, and intermediate
queries can be treated as INFER operations that read
from the accumulated state without invalidating
earlier facts. Thus, any arbitrary solution sequence
can be reordered into blocks of correlations, then
constraints, followed by inference.

(iii) Task coverage. Each of the 11 subcate-
gories can be mapped into this three-stage form,
ensuring full expressivity.

Proposition 2 (Minimality). The primitive set
{CORR, CONS, INFER} is minimal: removing any
one element strictly reduces expressivity.

Proof.
- Without CORR, cross-view identity tasks (e.g.,

C3M, 3VM, MVC) cannot be solved.
- Without CONS, tasks that require validating

geometric or projection rules (e.g., PRA, CR, SCP)
cannot be handled.

- Without INFER, tasks requiring numeric cal-
culation or discrete decision outputs (e.g., GPC,
FPBI, PPCD) cannot be completed.

Therefore, no primitive is redundant.
We clarify that these proofs apply within the for-

malized problem space of MathSpatial. The claim
of minimality is further justified by semantic or-
thogonality: each operation targets a distinct, non-
overlapping role—CORR for perceptual alignment,
CONS for law application, and INFER for logical
deduction. Merging any two would compromise
the granularity required for precise error diagno-
sis (as evidenced in Error Analysis). Furthermore,
the practical sufficiency of this set is empirically
validated by our OOD generalization results (Sec-
tion 4.3), which demonstrate that models trained on
these primitives successfully transfer to complex,
perception-heavy benchmarks (e.g., 3DSRBench-
Real).

A.4.2 SRT Validation Workflow
Dual-Role Validation Workflow. To ensure re-
liability, GPT-4o reformats verified official solu-
tions into our SRT schema (CORR/CONS/INFER)
rather than generating solutions from scratch. A
Reviewer checks each step for logical consistency,
operation-type correctness, redundancy, and hal-
lucination; a Checker then repairs the trace and
enforces the CORR → CONS → INFER flow. Unre-
solved structural conflicts or unstated assumptions
are forwarded to human experts.

Validation Statistics. Approximately 90% of
traces pass the initial review, 7% require auto-

matic repair, and 3% receive human correction.
A random-sample audit estimates the residual er-
ror rate below 1% using a Clopper–Pearson inter-
val with 95% confidence. Reviewer and Checker
prompts are provided in Tables 5–6.
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Table 5: Prompt for SRT Reviewer

SRT Reviewer Prompt

You are a Reviewer for a structured reasoning trace (SRT). Your task is to audit each step for
correctness and consistency.
Rules:

• Step-by-step verification: check if each step is logically valid.

• Operation-type correctness: CORRELATE / CONSTRAIN / INFER must be used appropriately.

• Consistency: detect contradictions with the authoritative solution.

• No hallucinations: no invented points, edges, or faces.

• Conciseness: flag redundant or unnecessary steps.

Inputs: Problem Statement, Diagram Description, Ground-Truth Answer, Official Solution, Candidate
SRT.
Output: A JSON report:

• is_valid: bool

• issues: list of {step_index, issue_type, explanation, suggested_fix}

Table 6: Prompt for SRT Checker Prompt.

SRT Checker Prompt

Instruction. You are a Checker and Rewriter. Your task is to repair the SRT based on the diagnostic
report while preserving the MathSpatial-SRT schema.

Task.

• Fix all issues identified by the Reviewer.

• Ensure strict adherence to CORRELATE / CONSTRAIN / INFER semantics.

• Maintain consistency with the authoritative solution.

• Produce a final answer matching the ground truth.

Inputs. Problem statement, diagram, official solution, original SRT, Reviewer diagnostic report.

Output.

• Corrected_SRT: the repaired reasoning trace,

• Final_answer: must match the ground truth,

• Self_check: confirmation of consistency.

Additional validation note. The operation labels provide a local account of what each step does.
CORRELATE links entities already present in the inputs, CONSTRAIN applies a stated spatial or geometric
relation, and INFER derives the requested result from those facts. This separation allows the Reviewer to
identify whether an error comes from alignment, rule application, or deduction. The Checker may
simplify or relabel a trace, but preserves the supplied evidence, schema, and ground-truth answer;
unresolved conflicts remain subject to human review.
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