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Abstract

Multimodal Large Language Models (MLLMs)
have achieved remarkable progress in visual
recognition and semantic understanding. Nev-
ertheless, their ability to perform precise com-
positional spatial reasoning remains largely un-
explored. Existing benchmarks often involve
relatively simple tasks and rely on semantic
approximations or coarse relative positioning,
while their evaluation metrics are typically lim-
ited and lack rigorous mathematical formula-
tions. To bridge this gap, we introduce Tan-
gramPuzzle ', a geometry-grounded bench-
mark designed to evaluate compositional spa-
tial reasoning through the lens of the classic
Tangram game. We propose the Tangram Con-
struction Expression (TCE), a symbolic ge-
ometric framework that grounds tangram as-
semblies in exact, machine-verifiable coordi-
nate specifications, to mitigate the ambiguity
of visual approximation. We design two com-
plementary tasks: Outline Prediction, which
demands inferring global shapes from local
components, and End-to-End Code Generation,
which requires solving inverse geometric as-
sembly problems. We conduct extensive eval-
uation experiments on advanced open-source
and proprietary models, revealing an interest-
ing insight: MLLMs tend to prioritize matching
the target silhouette while neglecting geometric
constraints, leading to distortions or deforma-
tions of the pieces.

1 Introduction

Multimodal Large Language Models (MLLMs)
have achieved strong performance on a broad
range of vision—language tasks, including visual
understanding (Wang et al., 2025c; Fang et al.,
2025; Ding et al., 2025), document question an-
swering (Wu et al., 2025b; Huang et al., 2025a),
OCR (Chen et al., 2025a; Huang et al., 2025b; Greif
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Figure 1: Illustration of the two spatial reasoning tasks.
(a) Task 1 global shape inference; (b) Task 2 constrained
shape decomposition.

et al., 2025), and chart interpretation (Chen et al.,
2025b; Zhao et al., 2025). Recently, both train-
ing and evaluation have been increasingly shifting
from semantic recognition toward more demand-
ing tasks that require precise spatial understand-
ing and reasoning, such as visual grounding (Tang
et al., 2025b; Xu et al., 2025d; Ma et al., 2025b),
GUI agent (Cheng et al., 2025b; Xiao et al., 2025),
and visual reasoning in complex scenes (Kuang
et al., 2025; Li et al., 2024). Spatial reasoning is
not merely about recognizing objects, but about
constructing and validating structured geometric
relationships that support reliable decision making.

Despite rapid progress, existing spatial reasoning
tasks for MLLMs still exhibit several limitations.

First, many tasks focus on coarse relational con-
cepts (e.g., left/right, front/behind, adjacency) (Liu



et al., 2025; Deng et al., 2025; Wu et al., 2025a),
which do not fully capture reasoning under strict
geometric and physical constraints. Second, spatial
problems are often specified using natural language
descriptions or multiple-choice formats without a
formal geometric representation (Rodionov et al.,
2025; Ma et al., 2025a), relying more on linguistic
reasoning ability than visual reasoning. In addi-
tion, evaluation commonly relies on text answer
matching or human/LLM judgment, which is par-
ticularly problematic for constructive tasks where
multiple valid solutions may exist. These issues
make it difficult to precisely measure whether a
model truly “compositionally reasons” in space
or merely exploits superficial cues.

In this work, we are inspired by a classic but
underexplored task of compositional spatial reason-
ing: tangram puzzles (Zhao et al., 2022; Bofferding
and Aqazade, 2023; Bofferding and Zhu, 2023).
A tangram requires assembling seven fixed rigid
polygonal pieces into a target silhouette through Eu-
clidean transformations (translation, rotation, and
optionally reflection), while satisfying non-overlap,
full coverage, and topological validity constraints.
This setting naturally demands multi-step composi-
tional spatial reasoning from local parts to a global
shape. These properties make tangrams a compact
yet expressive testbed for complex spatial reason-
ing beyond relative positioning.

However, prior tangram-related resources and
studies only focus on overall interpretation of
shapes or perceptual approximations (Zhang et al.,
2024; Ji et al., 2022), and typically lack (i) a stan-
dardized, machine-verifiable geometric represen-
tation, and (ii) a strict evaluation protocol that val-
idates rigidity, physical feasibility, and solution
correctness. As a result, task difficulty is undercon-
trolled, and evaluation accuracy remains limited.

To address these gaps, we introduce Tangram-
Puzzle, a benchmark designed to evaluate compo-
sitional spatial reasoning in MLLMs with rigorous
geometric constraints. We propose the Tangram
Construction Expression (TCE), a symbolic geom-
etry schema that represents each instance with ex-
act algebraic coordinates and structural relations,
strictly eliminating floating-point ambiguity. Built
upon TCE, the benchmark includes two comple-
mentary tasks, as shown in Figure 1: (1) Outline
Prediction, where models infer the global silhouette
from a given final arrangement of pieces; and (2)
End-to-End Tangram Solution Generation, where
models construct a complete assembly that exactly

fills a given target outline. We evaluate outputs
with a constraint-based verifier that checks syn-
tactic validity, rigid-shape preservation, and phys-
ical feasibility (e.g., non-overlap and connectiv-
ity), and then measures silhouette fidelity using
IoU and Hausdorff distance, avoiding ill-posed
comparisons under multi-solution ambiguity. Tan-
gramPuzzle is constructed through a multi-stage
pipeline involving source filtering, an interactive
annotation tool with snapping, symbolic normal-
ization into exact expressions, and human-in-the-
loop validation. Extensive experiments across a
wide range of MLLMs show that TangramPuzzle
remains highly challenging, revealing systematic
failure modes in both compositional outline reason-
ing and constraint-satisfying solution generation.
Our main contributions are as follows:

* We introduce TangramPuzzle, a tangram-
inspired benchmark for compositional spatial
reasoning in MLLMs, with a rigorous and
machine-verifiable math representation.

* We design the data construction pipeline for
two tasks that jointly evaluate discriminative
global-shape inference and constructive in-
verse assembly generation.

* We conduct comprehensive evaluation of ad-
vanced MLLMs, highlighting persistent limi-
tations in complex spatial reasoning.

2 Related Work

2.1 General Multimodal Benchmarks

Standard benchmarks for Multimodal Large Lan-
guage Models (MLLMs) have transitioned from
foundational tasks like visual question answering
(VQA) (Zhong et al., 2025; Liu et al., 2024; Chen
et al., 2024a; Cheng et al., 2025¢) and image cap-
tioning (Dong et al., 2024; Cheng et al., 2025a; Lu
et al., 2025) to comprehensive assessments of emer-
gent capabilities. Recent benchmarks target diverse
competencies, including reasoning ability (Guo
et al., 2025; Yuan et al., 2025; Yue et al., 2025;
Xiao et al., 2024), where challenging datasets like
Humanity’s Last Exam (Phan et al., 2025) and Zer-
oBench (Roberts et al., 2025) test the upper bounds
of expert-level cognition; document and chart un-
derstanding (Wang et al., 2024; Fu et al., 2024a;
Xia et al., 2025; Ouyang et al., 2025; Masry et al.,
2025); as well as visual grounding (Paiss et al.,
2023; Brazil et al., 2023), hallucination evalua-
tion (Li et al., 2023; Guan et al., 2024; Leng et al.,



2024; Chen et al., 2024b; Yang et al., 2025b), and
multi-image comprehension (Cheng et al., 2025d;
Fu et al., 2024b; Jiang et al., 2024; Wang et al.,
2025a). Furthermore, the assessment of agentic ca-
pabilities (Li et al., 2025; Xie et al., 2025; Rawles
et al., 2025; Zheng et al., 2025a) centers on GUI
interpretation and precise element interaction.

2.2 Spatial Reasoning Benchmarks

Spatial reasoning is essential for MLLMs to per-
ceive and interact with the physical world (Zheng
et al., 2025b). Early research emphasized spatial
understanding, as SpatialBench (Xu et al., 2025b)
and RealWorldQA (xAl, 2024) evaluate relative
positioning and depth in natural images. As re-
search advanced, OmniSpatial (Jia et al., 2025) and
MMSI-Bench (Yang et al., 2025a) extended the
scope to dynamic and multi-view scenarios, assess-
ing complex spatial interactions and multi-image
reasoning relationships. LEGO-Puzzles (Tang
et al., 2025a) and ORIGAMISPACE (Xu et al.,
2025c¢) emphasize multi-step spatial reasoning, uti-
lizing block assembly and origami tasks to probe
physical constraints and geometric transformations.
GeoSense (Xu et al., 2025a) and SolidGeo (Wang
et al., 2025b) require applying strict geometric prin-
ciples to solve plane and solid geometry tasks. In
the Tangram domain, Tangram (Zhang et al., 2024)
targets basic element recognition and counting;
KILOGRAM (Ji et al., 2022) interprets shapes as
semantic concepts rather than constructive geomet-
ric logic; and TANGAN (Yamada et al., 2025) acts
as a specialized solver treating assembly as an opti-
mization problem, rather than evaluating MLLMs.

Unlike previous approaches that rely on percep-
tual approximations, our benchmark distinguishes
through complex spatial reasoning, rigorous mathe-
matical expression, and strict constraint evaluation,
ensuring the exact geometric validity of solutions.

3 Method
3.1 Task Definition

The Tangram is a classic dissection puzzle requir-
ing the arrangement of seven rigid polygons to
form specific shapes, serving as an ideal testbed
for compositional spatial reasoning. While natu-
ral language is expressive, relying solely on ver-
bal descriptions for geometric assembly leads to
substantial ambiguity and imprecision, making re-
liable evaluation difficult due to the lack of spatial
granularity. In contrast, TangramPuzzle is gov-

erned by strict Euclidean geometry and topological
constraints, motivating a formal, coordinate-based
representation that grounds visual inputs in precise
mathematical formulations. This design enables un-
ambiguous task definition, automatic verification,
and fine-grained evaluation of spatial reasoning
abilities. TangramPuzzle consists of two challeng-
ing tasks designed to evaluate the spatial reasoning
capabilities of MLLMs, ranging from passive spa-
tial perception to active solution generation.

Geometry Description by TCE Formula To
represent tangram configurations in a precise and
machine-verifiable manner, we introduce the Tan-
gram Construction Expression (TCE), a symbolic
geometry description language for 2D tangram
assembly. Each TCE instance consists of five
core components: instance_id, target_outline, ini-
tial_state, final_state, and adjacency_graph.

The field instance_id uniquely identifies each
puzzle instance and serves as a stable key for index-
ing, retrieval, and evaluation. Both initial_state
and final_state describe the geometric states of the
seven tangram pieces before and after assembly. In
TCE, each piece is specified by its piece type, a set
of vertex coordinates, explicit edge relations, and
a center point. In addition, final_state includes a
transform_matrix that parameterizes the rigid mo-
tion applied to each piece to reach the assembled
configuration, including translation, rotation angle,
and optional reflection. Because tangram geome-
tries frequently involve irrational numbers, finite
decimal representations induce precision loss. To
ensure geometric rigor, TCE encodes all quanti-
ties as exact algebraic expressions in I&[EX. The
target_outline specifies the global silhouette pro-
duced by the assembled tangram. It is represented
by the outline’s vertex coordinates together with
its edge relations. The adjacency_graph captures
local interactions between pieces in the final config-
uration, indicating which pieces are adjacent. The
representation of TCE is shown in Figure 2.
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Figure 2: Compact representation of a TCE instance.



Task 1: Outline Prediction This setting tests
whether MLLMs can synthesize a global visual
shape from local component arrangements. Rather
than performing conventional visual recognition,
the model is required to mentally compose the
union of seven discrete tangram pieces and rea-
son about their resulting overall shape. The input
consists of the textual TCE specification of the
seven tangram pieces (including piece types and
exact vertex coordinates) and a candidate image
displaying four distinct silhouette options (A-D).
The model is required to select the correct match-
ing silhouette from the candidate set. Accuracy and
Invalid Rate are used as the evaluation metrics.

Task 2: End-to-End Tangram Solution Gener-
ation This task assesses the model’s ability to
solve the tangram puzzle under strict geometric
constraints and generate a precise executable so-
lution. It represents a complex inverse spatial rea-
soning problem where the model must decompose
a given target silhouette into the seven fixed rigid
shapes. The input consists of a visual image of
the target outline with vertex coordinates explicitly
annotated within the figure. To precisely define the
boundary conditions, the model is also provided
with textual geometric data, including the vertex co-
ordinates of the target outline and its edge relation-
ships, specifying which vertices connect to form
edges and their respective lengths. Furthermore,
the input includes the initial state specifications
for the seven tangram pieces, detailing their types,
initial vertex coordinates, and constituent edges.
The model is required to output the complete Tan-
gram Configuration Expression (TCE) in JSON
format. This code must explicitly define the final
state of all seven pieces, including their types, ver-
tex coordinates, and edge relationships, ensuring
they perfectly fill the target outline. The evaluation
checks both the geometric validity (satisfaction of
rigid body and non-overlap constraints) and the
shape fidelity of the generated solution, measured
by Intersection over Union (IoU) and Hausdorff
Distance (djy) against the ground truth.

3.2 Data Construction

To ensure high-quality geometric data, we imple-
mented a multi-stage construction pipeline, as il-
lustrated in Figure 3, comprising source filtering,
interactive annotation, and symbolic refinement.

3.2.1 Raw Data Collection

We utilize the visual patterns from the KiloGram
dataset as our foundational source. While Kilo-
Gram (Ji et al., 2022) provides a rich variety of tan-
gram shapes, not all adhere to the strict topological
constraints required for mathematical verification.
Consequently, we perform a manual filtering pro-
cess to exclude invalid configurations. Specifically,
we remove patterns containing holes, disconnected
pieces, or incomplete assemblies. Only configura-
tions that form a single connected shape without
internal voids are retained for further annotation.

3.2.2 Annotation Tool Development

Commonly used geometric software has proven
insufficient for efficient and precise tangram an-
notation. Tools like GeoGebra® require users to
compute coordinates before drawing and offer lim-
ited support for interactive manipulation, while
manipulation-friendly platforms like Polypad® lack
the functionality to export precise vertex coordi-
nates. To address these limitations, we developed a
bespoke web-based tangram annotation interface.
To reduce human-induced alignment errors, we fur-
ther incorporate vertex snapping and edge snapping
mechanisms that automatically align coincident ge-
ometric features during assembly. The tool records
the coordinates of all vertices in real time and ex-
ports complete annotations directly in a structured
jsonl format, substantially accelerating the labeling
process. Detailed human annotation procedures
and the tool are provided in Appendix A.

3.2.3 Geometric Normalization

The raw annotations produced by the tool are stored
in floating-point form, which is insufficient for ex-
act geometric reasoning. To eliminate ambiguity
caused by finite-precision decimals, we perform a
post-processing step to normalize and convert all
geometric quantities into exact symbolic represen-
tations. Specifically, each assembled configuration
is translated such that its lower boundary lies on
the x-axis and its left boundary lies on the y-axis,
yielding a canonical placement. We then apply
deterministic conversion rules to transform all ver-
tex coordinates into precise algebraic expressions,
represented in ITEX format. Based on these coor-
dinates, we further extract the global outer contour,
edge relations, and piece adjacency, and serialize
the result into the unified TCE representation.

2https: //www.geogebra.org/classic
3ht’cps: //polypad.amplify.com/p#tangram
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Figure 3: Overview of the TangramPuzzle data construction pipeline.

To generate samples for the Outline Prediction
task, we leverage the geometric properties of the
TCE. For each tangram instance, we first recon-
struct the ground-truth silhouette accurately based
on the corresponding information encoded in the
TCE. To construct the multiple-choice options, we
randomly sample three distinct silhouettes from the
remaining dataset as negative distractors. These
distractors are combined with the ground-truth
silhouette, randomly shuffled, and rendered into
a single candidate image labeled A through D.
This automated pipeline ensures that the ground-
truth silhouette is geometrically consistent with the
coordinate-based input while maintaining visual
diversity among the options.

3.2.4 Human Filtering

To ensure data correctness, we perform careful
manual verification through visualization. Each
annotated instance is rendered to display the assem-
bled configuration, highlighting individual pieces
and their boundaries. Instances exhibiting mis-
aligned vertices, unintended gaps between adjacent
edges, or overlaps between pieces are promptly
flagged as invalid. Such cases are re-annotated us-
ing the tool, followed by repeated verification and
conversion. This iterative process continues until
all retained instances satisfy the geometric validity
constraints required by TCE.

3.2.5 Data Statistics

TangramPuzzle exhibits both rich structural diver-
sity and strict geometric rigor. The target silhou-
ettes cover a wide range of semantic categories,
including abstract shapes, everyday objects, and an-
imals, spanning a broad and challenging spectrum
of difficulty from simple, compact forms to com-

plex, articulated silhouettes with intricate bound-
aries. In total, the dataset contains 668 unique
tangram configurations. Each configuration is used
to instantiate both Task 1 and Task 2, resulting in
1,336 problem instances overall.

3.3 Evaluation Metrics

Task 1: Outline Prediction To evaluate vision-
grounded spatial perception, we measure the stan-
dard classification Accuracy (Acc), which calcu-
lates the percentage of instances where the model
selects the correct target outline. Additionally, to
assess the model’s instruction-following capability
and robustness, we report the Invalid Rate, defined
as the proportion of responses that fail to map to
any valid candidate option. Invalid outputs may
arise from formatting errors or from generating
content unrelated to the candidate options, reflect-
ing common failure modes in instruction execution,
in which case no interpretable decision can be ex-
tracted. Detailed metric computations for Task 1
are provided in Appendix B.1.

Task 2: End-to-End Solution Generation Eval-
uating assembly generation is non-trivial because a
single target silhouette may admit multiple valid in-
ternal arrangements. Direct comparison with a sin-
gle ground truth is therefore ill-posed. Instead, we
propose a hierarchical Constraint-based Evaluation
Framework that validates predictions in two stages.
Detailed metric definitions and computation pro-
cedures for Task 2 are provided in Appendix B.2.
Concretely, the framework comprises:

* Stage 1: Constraint Validation. We first
check whether the generated assembly satis-
fies the required physical and geometric con-
straints by identifying three types of errors:



Syntax Error (TSE) checks whether the out-
put conforms to the TCE format and piece
count; Rigid Geometry Error (RGE) veri-
fies that the area and perimeter of each piece
remain unchanged to prevent shape distortion;
and Physical Error (PE) detects if any two
pieces exhibit impermissible overlap or if the
global union of all pieces fails to form a single
connected component. The metric Validation
Pass Rate (VPR) reports the percentage of
samples that satisfy all these constraints.

* Stage 2: Shape Similarity. We further quan-
tify how well the constructed shape matches
the target silhouette using two metrics: In-
tersection over Union (IoU) measures the
global area overlap between the predicted as-
sembly and the target, while Hausdorff Dis-
tance (d ) captures fine-grained boundary de-
viations to penalize shape outliers.

4 Experiment

4.1 Experimental Setting

Baselines We evaluate TangramPuzzle across
a diverse set of models. For open-source mod-
els, we evaluate Qwen3-VL-8B-Instruct, Qwen3-
VL-32B-Instruct (Bai et al., 2025), InternVL3-
78B (Zhu et al., 2025), DeepSeek-OCR (Wei et al.,
2025), DeepSeek-VL2 (Wu et al.,, 2024), and
GLM-4.6V (Z.ai, 2025). For commercial mod-
els, we include GPT-5.2 (OpenAl, 2025), Gemini3-
Pro (Google DeepMind, 2025), and Claude-Sonnet-
4.5 (Anthropic, 2025). We utilize the official chat
templates and default generation parameters for all
models to ensure a fair comparison.

Details All experiments are conducted by calling
the corresponding model APIs. We run the evalu-
ation pipeline on a workstation equipped with an
NVIDIA RTX 2080 Ti GPU, and use a unified im-
plementation to send requests, parse outputs, and
compute all metrics across models.

4.2 Results

The results for Task 1 are summarized in Table 1, re-
vealing substantial performance differences across
models. This task assesses the model’s ability to
mentally compose a silhouette from disjointed parts
and identify the correct visual match accurately.
Among open-source baselines, Qwen3-VL-32B-
Instruct stands out with an accuracy of 73.05%,
approaching the performance of the closed-source

Table 1: Performance comparison on Task 1.

Model Invalid (]) Acc (1)
Qwen3-VL-8B (Bai et al., 2025) 0 37.57
Qwen3-VL-32B (Bai et al., 2025) 0.15 73.05
InternVL3-78B (Zhu et al., 2025) 0.75 29.19
DeepSeek-OCR (Wei et al., 2025) 12.87 22.46
DeepSeek-VL2 (Wu et al., 2024) 10.18 25.45
GLM-4.6V (Z.ai, 2025) 0 30.84
GPT-5.2 (OpenAl, 2025) 0 77.54
Gemini3-Pro (Google DeepMind, 2025) 0 98.65
Claude-Sonnet-4.5 (Anthropic, 2025) 0.45 51.20

model GPT-5.2, while smaller or earlier architec-
tures struggle to exceed 40% accuracy. For com-
mercial models, Gemini3-Pro achieves near-ceiling
performance with an accuracy of 98.65%, under-
scoring its superior capacity for fine-grained visual
perception and holistic mental shape composition
regarding global silhouettes. For most models, the
rate of invalid outputs remains low, suggesting a
strong ability to follow instructions and produce
interpretable decisions. However, DeepSeek-OCR
and DeepSeek-VL2 exhibit noticeably higher in-
valid rates, suggesting that under the stress of this
complex spatial reasoning task, these models often
fail to form a decisive conclusion or collapse into
generating irrelevant content.

Table 2 presents the quantitative results for
Task 2. Although most models demonstrate pro-
ficiency in maintaining valid JSON syntax, as re-
flected by relatively low TSE scores, constraint-
related failures remain widespread. In particular,
Rigid Geometry Errors (RGE) and Physics Errors
(PE) are highly prevalent, indicating that models
struggle to comply with the fundamental geomet-
ric rules of the puzzle. One notable observation
is the pronounced discrepancy between silhouette
quality and the Success rate. Top-tier models like
Claude-Sonnet-4.5 and GPT-5.2 achieve high IoU
scores yet fail to produce a single valid solution
(0% Success). Further inspection reveals that the
accompanying high RGE and PE scores indicate
that this apparent visual fidelity is achieved through
“cheating,” namely by impermissibly distorting
rigid pieces or overlapping them to force a visual
match. As a result, the vast majority of evaluated
models fail to produce even a single geometrically
valid solution. By contrast, Gemini3-Pro stands
out as the only model demonstrating robust geo-
metric reasoning, achieving the highest validation
pass rate and success score while also maintaining
superior silhouette quality.



Table 2: Quantitative results for the End-to-End TCE Generation task (Task 2).

Constraint error (|)

Silhouette Quality

Model VPR (1) Success (1)
TSE () RGE () PE() IoU (1) Hausdorff (|)

Qwen3-VL-8B-Instruct (Bai et al., 2025) 23.35 40.42 80.69 0 20.25 7.8138 0
Qwen3-VL-32B-Instruct (Bai et al., 2025) 7.93 83.08 94.46 0 50.55 1.3949 0
InternVL3-78B (Zhu et al., 2025) 6.59 91.77 92.96 0 36.15 3.1756 0
GLM-4.6V (Z.ai, 2025) 6.29 91.02 93.56 0.15 43.79 1.3745 0.15
GPT-5.2 (OpenAl, 2025) 7.19 90.12 92.81 0 58.49 0.8375 0
Gemini3-Pro (Google DeepMind, 2025) 8.83 37.57 65.57 22.60 85.93 0.3728 21.56
Claude-Sonnet-4.5 (Anthropic, 2025) 0.60 98.20 97.90 0.15 61.61 0.5696 0

Table 3: Evaluation results on Task 2 under In-Context Learning and Visual-Centric settings.

Constraint error (|)

Silhouette Quality

Model VPR (1) Success (1)
TSE{) RGE({) PE() IoU (1) Hausdorff (})
In-Context Learning
Qwen3-VL-8B-Instruct (Bai et al., 2025) 33.98 57.04 66.17 0.15 28.48 3.5051 0
Qwen3-VL-32B-Instruct (Bai et al., 2025) 6.74 87.28 93.71 0 48.65 1.4885 0
GPT-5.2 (OpenAl, 2025) 9.43 86.98 90.72 0 60.30 0.7386 0
Gemini3-Pro (Google DeepMind, 2025) 10.78 34.28 61.53 26.20 87.36 0.3494 24.85
Visual-Centric setting
Qwen3-VL-8B-Instruct (Bai et al., 2025) 15.42 17.07 86.23 0 11.39 12.2784 0
Qwen3-VL-32B-Instruct (Bai et al., 2025) 9.58 74.70 93.26 0.15 43.69 2.7822 0.15
DeepSeek-OCR (Wei et al., 2025) 100 0 1.35 0 11.72 7.8063 0
DeepSeek-VL2 (Wu et al., 2024) 99.85 0.15 13.32 0 12.08 5.4868 0
GPT-5.2 (OpenAl, 2025) 39.67 58.23 58.08 0 53.67 1.2140 0
Gemini3-Pro (Google DeepMind, 2025) 16.77 32.34 56.89 25.00 82.75 0.4201 22.75

4.3 Analysis

Effect of In-context Learning (ICL) To exam-
ine whether the bottleneck in Task 2 arises from
difficulties in following the TCE schema or from
deeper limitations in spatial reasoning, we apply in-
context learning (ICL) by prepending three solved
examples to the prompt, as shown in Table 3. Con-
trary to the expectation that examples stabilize out-
put, we observe a trade-off: the introduction of
dense symbolic contexts tends to increase syntactic
errors (TSE), suggesting a cognitive load that dis-
tracts models from strict formatting requirements.
However, for successfully parsed responses, ICL
generally improves silhouette quality (IoU), indicat-
ing that while examples help refine shape approx-
imation, they cannot spontaneously induce a fun-
damental understanding of rigid body constraints
in models that lack them. A detailed analysis of
in-context learning is provided in Appendix C.1.

Effect of Textual Geometry We further investi-
gated the models’ dependency on textual metadata
through an ablation study in a Visual-Centric set-
ting, as shown in Table 3. In this setup, we removed
the textual description of the target outline (i.e., ver-
tex and edge lists), providing only the outline im-

age with annotated coordinates alongside the initial
piece descriptions. The results show a significant
performance drop for most MLLMs, with increased
hallucinations and syntax errors. This confirms that
current models largely rely on textual “crutches”
rather than precisely extracting geometric coordi-
nates from visual inputs. A notable exception is
Gemini3-Pro, which maintained high performance,
demonstrating superior capability in grounding ge-
ometric data directly from vision. Textual geometry
analysis is detailed in Appendix C.2.

Human Performance We evaluate human per-
formance on TangramPuzzle using three expert par-
ticipants. As shown in Table 4, human solvers
rarely violate geometric constraints such as piece
shape preservation or piece count correctness. Con-
sequently, human performance exhibits a near-
binary pattern: solutions are either successfully
completed or not solved at all, with few interme-
diate or partially correct outcomes. Participants
report an average difficulty rating of 4.1/5 and an
average solution time of 6.7 minutes per instance.
A detailed analysis of human solving strategies,
ranging from systematic triangle decomposition to
iterative trial-and-error, is provided in Appendix D.



Table 4: Human performance on Task 2.

Human  Success (1) Complexity (|) Time usage ()
Human 1 72 4.1 6.3
Human 2 100 3.8 6.6
Human 3 46 4.3 7.1
Avg. 72.67 4.1 6.7

Table 5: Human evaluation of MLLM on Task 2.

Model Expert PSM (1) PPC (1) NMS (1)
Expert 1 4.2 4.3 4.6
.. Expert 2 4.5 4.6 4.1
Gemini3-Pro p neri3 42 45 4.0
Avg. 4.3 4.5 4.2
Expert 1 1.6 1.5 1.8
Expert 2 1.2 1.1 1.1
GPT-52 Expert 3 15 1.2 1.6
Avg. 14 13 15

4.4 Human Evaluation on MLLMs

Automatic metrics primarily capture strict geomet-
ric validity, often overlooking perceptual plausi-
bility. To address this, we conduct a human eval-
uation on Task 2 using three criteria rated on a
5-point scale: Perceptual Silhouette Match (PSM),
which assesses the visual similarity of the assem-
bly to the target; Piece Plausibility & Canonicality
(PPC), which evaluates whether piece placements
appear natural rather than visually strained; and
Near-Miss Severity (NMS), which measures the
proximity of an incorrect prediction to a successful
solution. Table 5 summarizes the human evalu-
ation results. Gemini3-Pro consistently receives
high scores, indicating strong perceptual alignment
with the target silhouette; even when automatic suc-
cess is not achieved, many solutions are judged to
be close to correct. In contrast, GPT-5.2 receives
substantially lower scores, with frequent percep-
tual mismatches, implausible constructions, and
failures that are judged to be far from correct.

4.5 Case Study

Figure 4 visualizes the generation results for a U-
shaped target (Task 2). Gemini3-Pro achieves a
perfect assembly, demonstrating its ability to ef-
fectively ground coordinate constraints to solve
complex compositional problems. A critical fail-
ure mode observed across other models is the ten-
dency to prioritize visual silhouette matching at
the expense of geometric constraints. For instance,
Claude-Sonnet-4.5 attempts to force an alignment
with the target contour by non-rigidly elongating

Input Answer Gemini3-Pro

FliAn

GPT-5.2

o -~

" loU: 87.50; Hausdorff: 0
InternVL3-78B

loU: 31.82; Hausdorff: 1

" loU: 100; Hausdorff: 0
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'loU; 62.50; Hausdorff: 0.45 loU: 3.23; Hausdorff: 15.41

Figure 4: Visualization of a case from Task 2.

the edges of the left and right triangles, whereas
InternVL3-78B generates severe overlaps to maxi-
mize area coverage. Meanwhile, GPT-5.2 produces
a visually plausible silhouette but fails to preserve
component fidelity, utilizing an incorrect piece in-
ventory (e.g., hallucinating an extra square while
omitting the parallelogram). We further observe
that smaller models such as Qwen3-VL-8B-Instruct
often arrange pieces in a simple linear sequence,
indicating an inability to map symbolic coordinate
specifications onto a 2D planar workspace.

5 Conclusion

We presented TangramPuzzle, a geometry-
grounded benchmark specifically designed for
evaluating MLLMs on compositional spatial rea-
soning. Addressing the limitations of existing
semantic-focused evaluations, we introduced the
Tangram Construction Expression (TCE), a sym-
bolic geometric framework that enables the precise,
machine-verifiable assessment of rigid body con-
straints and physical feasibility. The benchmark en-
compasses the Outline Prediction and End-to-End
TCE Code Generation tasks, which jointly probe
the spectrum of spatial intelligence. We conducted
a comprehensive evaluation of open-source and
closed-source MLLMs covering different scales,
accompanied by in-depth exploratory analyses on
in-context learning and modality dependency. By
shifting the evaluation paradigm from approximate
visual matching to exact constraint satisfaction,
TangramPuzzle provides a standardized and chal-
lenging testbed for future research.



Limitations

While TangramPuzzle establishes a rigorous frame-
work for evaluating compositional spatial reason-
ing through exact geometric constraints, several
limitations remain. The benchmark is currently
confined to 2D planar geometry with a fixed num-
ber of components, which may not fully capture the
scalability and complexity of real-world 3D spatial
manipulation tasks involving occlusion or variable
object counts. Future work will seek to extend this
evaluation paradigm to three-dimensional settings,
thereby bringing the evaluation closer to real-world
embodied scenarios.

Ethical Considerations

Potential Risks The TangramPuzzle benchmark
focuses on abstract geometric reasoning and is con-
structed entirely from publicly available sources.
Due to the inherently abstract nature of these geo-
metric shapes, the dataset is devoid of personally
identifiable information (PII), sensitive biometric
data, or offensive content. Consequently, there are
no foreseeable risks related to safety, discrimina-
tion, or surveillance.

Ethical Statement Our data construction pro-
cess strictly adhered to ethical research guidelines.
All source images were derived from public do-
mains, ensuring no copyright infringement. During
the human-in-the-loop annotation and validation
stages, all participants were informed of the nature
of the task and compensated fairly in accordance
with local labor standards. Furthermore, as the
dataset comprises solely rigid geometric shapes, it
is inherently free from biometric data, social bi-
ases, or other privacy concerns. Thus, the proposed
research direction and tasks are ethically benign
and socially harmless. All data and annotations
will be released under a permissive open-source
license upon acceptance to facilitate transparency
and reproducibility.

LLMs Usage Statement We use large language
models and multimodal models as baselines to gen-
erate predictions for evaluation and analysis. Dur-
ing the writing of this paper, we also use large
language models to assist with grammar checking
and improving text fluency. The authors have care-
fully reviewed and verified all suggested revisions
provided by the large language models to ensure
their correctness, and take full responsibility for
the content of this paper.
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A Human Annotation Details

Recruitment and Payment To ensure the high
quality and rigorous geometric precision of the
TangramPuzzle benchmark, we invited researchers
with backgrounds in geometry and computer sci-
ence to conduct the data annotation and verifica-
tion. We strictly adhered to local labor standards
regarding compensation. The payment rate was
determined based on the estimated time required
to complete the annotation for each puzzle, ensur-
ing that the hourly rate met or exceeded the local
minimum wage requirements.
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Annotation Process Annotators used our interac-
tive tangram tool to assemble each target configura-
tion by dragging, rotating, and flipping pieces. The
annotation interface is shown in Figure 5. To avoid
pixel-level misalignment, the tool incorporates a
magnetic snapping mechanism that automatically
aligns piece vertices to the global coordinate grid
or to vertices of adjacent pieces, ensuring that spa-
tial relationships are mathematically exact rather
than visually approximate. After completing an
instance, annotators exported the generated data,
and we conducted additional visual inspection and
re-annotation when necessary (e.g., minor misalign-
ment, unintended overlaps, or disconnected com-
ponents) to ensure geometric correctness.

Instructions and Consent Prior to the data col-
lection process, all annotators were provided with
comprehensive instructions detailing the usage of
the annotation interface, the definition of the Tan-
gram Construction Expression (TCE), and the strict
physical constraints (e.g., non-overlap, boundary
adherence). We obtained informed consent from
all participants, who were explicitly informed that
the annotated data would be used for academic
research and released to the public.

B Detailed Evaluation Protocols

This section provides the formal definitions and
precise calculation details for the metrics used in
our evaluation.

B.1 Task 1 Metrics

Accuracy (Acc) Performance is measured using
classification accuracy:

N
Acc = &Zﬂ(ai = a;), (1)
=1
where a; € A denotes the ground-truth option for
the i-th instance, a; € A is the model’s predicted
option, A is the option set (e.g., {A, B,C, D}),
and I(-) is the indicator function.

Invalid Rate We further define the Invalid rate
as the proportion of instances in which the model
output does not yield any valid option that can be
mapped to the candidate set. Invalid outputs may
arise from formatting errors or from generating con-
tent unrelated to the candidate options. Formally:

N

Invalid = % D I(ai ¢ A).

=1

2
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Figure 5: Annotation interface for TangramPuzzle.

B.2 Task 2 Metrics

Let P = {P,..., Pr} denote the set of predicted
piece polygons after assembly, and let 7 denote
the ground-truth target silhouette. The evaluation
pipeline consists of two stages: constraint valida-
tion and silhouette quality assessment.

Constraint Validation We consider three types
of constraint errors:

* TSE (Syntax Error) checks whether the pre-
dicted output conforms to the required TCE
format. A prediction is flagged as TSE if the
JSON cannot be parsed, the number of pieces
is incorrect, or piece types are invalid:

TSE = —Validgyn (P), 3)

where Validgy, (P) denotes syntactic validity
under the TCE schema.

* RGE (Rigid Geometry Error) verifies that
each predicted piece preserves its original
shape. For each piece, we compare its
area and perimeter against the corresponding
ground-truth specification. Let P; be a simple
polygon with ordered vertices {vi,...,v,}.
Its area is computed as:

Area(P;

[\D\H

> (@hyrsr — Thayr)|
k=1
“)
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and its perimeter is given by

Perimeter(P, Z Vi+1 — Villy, ()
k=1

where v, 11 = vi. Arigid geometry error is
triggered if either quantity deviates from that
of the corresponding canonical tangram piece.

* PE (Physical Error) evaluates physical fea-
sibility. A prediction is considered invalid if
any two pieces overlap or if the union of all
pieces is not a single connected shape.

Shape Similarity We adopt two complementary
shape similarity metrics:

* ToU (Intersection over Union) measures the
overlap between the predicted assembly U
and the target silhouette 7

wUNT)

pUUT)

where 1(+) denotes planar area.

oU(U, T) = ©6)

* Hausdorff Distance (dy) To capture
boundary-level deviations, we compute the
Hausdorff distance between the boundaries of
Uand T:

dy (0U,0T) =
sup 1nf |z — yll2,
max { "% G
sup inf ||z —yl2
yedT TEOU



Here OU and 97 denote the boundaries of the
predicted assembly and the target silhouette,
respectively, and || - ||2 represents the standard
Euclidean distance.

C Detailed Analytical Experiments

C.1 In-context Learning Details

We examine the effect of In-context Learning
(ICL) by prepending three solved examples to the
prompt for a subset of models (Qwen3-VL, GPT-
5.2, Gemini3-Pro).

Syntactic Degradation. Contrary to the expecta-
tion that examples stabilize output, several models
exhibited increased Syntax Error (TSE) rates com-
pared to the zero-shot setting. For instance, Qwen3-
VL-8B-Instruct and Gemini3-Pro showed higher
failure rates in generating valid JSONs. This sug-
gests that the extensive symbolic context imposes
a cognitive load that interferes with the model’s
ability to strictly adhere to structural constraints.

Shape Refinement. Despite the syntactic insta-
bility, ICL yields clear benefits for silhouette-level
quality in valid responses. Models demonstrated
improved IoU and reduced Hausdorff distances, ef-
fectively learning to better approximate the global
target shape. This suggests that while ICL serves
as a potent mechanism for refining visual match-
ing strategies and “teaching” the task format, it
ultimately falls short of spontaneously instilling a
fundamental understanding of strict physical valid-
ity in models that inherently lack it.

C.2 Textual Geometry Ablation

To quantify the models’ dependency on textual
metadata, we evaluated a Visual-Centric setting
where explicit textual descriptions of the target out-
line (vertices and edges) were removed, leaving
only the image with annotated coordinates.

Stability Collapse. The elimination of explicit
textual outline specifications significantly desta-
bilized structured generation. Notably, GPT-5.2
experienced a dramatic surge in syntax errors, with
TSE rising from 7.19% to 39.67%. Similarly, the
Deepseek series frequently hallucinated irrelevant
content, indicating a heavy reliance on text prompts
to guide the generation process.

Visual Grounding Gap. For the majority of
models, the absence of textual data precipitated
a marked deterioration in Silhouette Quality, ex-
posing a critical dependency on semantic prompts.
This confirms a widespread inability to precisely
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“read” geometric coordinates directly from raw vi-
sual inputs. However, Gemini3-Pro’s robust perfor-
mance in this setting serves as a notable exception,
highlighting its advanced capability to perform rig-
orous reasoning solely based on visual grounding,
independent of textual crutches.

D Detailed Human Performance Analysis

We evaluate human performance using three do-
main experts who independently solved the task
sets under the same conditions as the models.

Performance Patterns As shown in our results,
human solvers rarely violate fundamental geomet-
ric constraints such as piece shape preservation or
piece count correctness. Consequently, human per-
formance manifests as a binary outcome: a solution
is either strictly valid or the participant fails to find
a solution within a reasonable time. This stands in
sharp contrast to model predictions, which often
achieve partial visual similarity through impermis-
sible physical violations (e.g., overlapping pieces
or shape distortion).

Solving Strategies We observe substantial vari-
ance in success rates linked to the strategies em-
ployed. One expert achieved perfect performance
by adopting a systematic decomposition strategy:
all tangram pieces were interpreted as combina-
tions of congruent isosceles right triangles (with
unit legs and hypotenuse v/2). By decomposing
both the target silhouette and the pieces into this
common geometric basis, the solver could explic-
itly reason about how composite shapes fit within
the outline. In contrast, the other two experts
primarily relied on iterative trial-and-error, re-
peatedly adjusting piece positions until a feasible
configuration emerged. This heuristic approach
resulted in lower success rates and significantly
longer solving times.

Complexity Assessment Participants were asked
to rate task difficulty on a scale from 1 to 5. The
high average complexity score of 4.1 confirms that
TangramPuzzle is non-trivial even for humans. On
average, each instance required approximately 6.7
minutes to solve, reflecting the substantial cogni-
tive effort required for precise geometric reasoning
and assembly planning.
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