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Abstract

Multimodal Large Language Models (MLLMs) largely
lag human-level performance on abstract visual reasoning
(AVR), which requires models to infer latent rules from visual
question sets and generalize them to novel scenarios. Most
AVR benchmarks are constrained to narrow and repetitive
2D patterns, involving relatively simple spatial relationships
and assessing limited dimensions of reasoning ability. Draw-
ing inspiration from real-world paper folding challenges, we
propose Paper Folding Puzzles (PFP), a rigorously designed
benchmark specifically developed to assess spatial reason-
ing capabilities. It comprises 150K visual question-answering
samples across five diverse tasks, ranging from basic 2D geo-
metric reasoning to 3D spatial understanding. The developed
benchmark dataset can be employed to assess core spatial rea-
soning abilities essential to human cognition, encompassing
fundamental symmetry reasoning and 3D spatial comprehen-
sion. Furthermore, we conduct a comprehensive evaluation
of 18 leading MLLMs (both closed- and open-source vari-
ants) on the PFP benchmark to assess their spatial reason-
ing capabilities. Our findings show that most MLLMs achieve
near-chance performance on FPF, exhibiting substantial per-
formance gaps (> 30%) relative to human baselines across
all tasks. This highlights a critical research gap in improving
spatial reasoning capabilities of MLLM:s.

Datasets — https://github.com/hznuer/PFP_bench

Introduction

Recent advancements in Multimodal Large Language Mod-
els (MLLMs) (OpenAlI 2023; Google 2025; Anthropic 2024)
have demonstrated impressive visual reasoning capabilities.
Abstract Visual Reasoning (AVR) (Zhang et al. 2019; Hill
et al. 2019) poses a distinct challenge by requiring mod-
els to infer abstract patterns and structural rules with min-
imal reliance on contextual grounding. However, most ex-
isting AVR benchmarks are constrained to overly simpli-
fied 2D settings with limited geometric diversity (Matkinski
and Mandziuk 2023, 2025), offering only narrow assess-
ments of spatial cognition. In contrast, Paper Folding Puz-
zles (PFP) bridge abstract visual reasoning and real-world

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

13584

Quality Control

eeial7 A
' . > ( W—
Symmetry analysis ‘ : E ’ S amD

JolEy

pSingle-Step & Multi-Step Reasoningd

Prompt: You are

given a paper fold | /s

{ | S0
» Inverse Reasoning 3D <= 2D puzzle, whichisa | *% £
SIS © [0 cube with different | 3£ 2
- - patterns on each p &
> [o] [] face. Please select | &3 3
1 the correct option ‘ =
Reasoning the patterns! (marked as A, B, C 2
. | /'75; or D) at the bottom, N
w O v which matches the (&
3
[ Analyze the nets unfolded pattern of
S )|- D v - the cube.
S = 5 EdE=N Answer: “X”
) g|lcsd
S - 2l |eo
g S =L Select the correct option
= E [ (4,B, Cor D)
i Q Match the cube |(Q)) Answer: “X”

with the net Dataset Evaluation
Figure 1: Overview of task structure in the PFP dataset. The
benchmark includes five subtasks derived from folding and
unfolding zero-shot reasoning tasks.

spatial cognition through familiar paper-folding tasks. Un-
like prior benchmarks limited to simple 2D patterns, PFP in-
troduces diverse and geometrically rich challenges that test
generalization and interpretability. As MLLMs evolve, this
benchmark offers a compact yet rigorous testbed for evaluat-
ing spatial reasoning, with potential applications in robotics,
design, and education.

Existing datasets such as RAVEN (Zhang et al. 2019),
G-set (Mandziuk and Zychowski 2019), VAP (Hill et al.
2019), DOPT (Webb et al. 2020), ARC (Chollet 2019),
LEGO (Tang et al. 2025) and iVISPAR (Mayer et al. 2025)
fall into the geometric category, where the visual elements
primarily consist of well-defined shapes and structured lay-
outs. In contrast, datasets like Bongard-LOGO (Nie et al.
2020) and SVRT (Fleuret et al. 2011) represent the abstract
type, featuring more irregular or symbolic visual forms.
MARVEL (Jiang et al. 2024) encompasses both types, com-
bining structured geometry with abstract visual patterns.



From the perspective of pattern dimensionality, most of the
aforementioned datasets are limited to 2D geometric pat-
terns, with the exception of MARVEL, LEGO, and iVIS-
PAR, which incorporate 3D geometric structures to support
richer spatial reasoning.

Despite the advancements, current AVR research still falls
short in the following aspects: 1) Limited research has fo-
cused on spatial reasoning grounded in geometric symmetry,
as opposed to simple 2D geometric attributes. 2) While prior
research has explored certain aspects of 3D spatial reason-
ing, the cognitive process of inferring relationships between
2D layouts and their folded 3D counterparts—essential to
tasks like mental rotation and physical assembly—has re-
ceived limited attention in existing benchmarks. 3) The abil-
ity to construct 3D structures from 2D representations—or
conversely, to unfold 3D objects into 2D layouts—is a fun-
damental component of human spatial cognition. This skill
not only plays a vital role in the early development of geo-
metric thinking in children, but also serves as a core cogni-
tive foundation in fields such as elementary geometry (Rows
1917) and computer-aided design. However, despite recent
advances in MLLMs, their ability to perform such 2D-3D
spatial transformations remains underexplored and poorly
understood. Existing benchmarks rarely capture the nuanced
reasoning required for this class of tasks, leaving a gap be-
tween model capabilities and the spatial reasoning demands
found in real-world applications.

To enhance the research on 3D spatial reasoning, we de-
velop the PFP dataset, which comprises a diverse collection
of over 150,000 carefully curated visual question—answer
pairs across five distinct tasks, organized into three main rea-
soning categories (Fig. 1). These five groups encompass fun-
damental evaluations of spatial reasoning skills, including
tasks such as single-step and multi-step sequential reason-
ing, reverse reasoning, 3D folding and 2D unfolding reason-
ing. Paper Folding Puzzles extends beyond existing datasets
such as RAVEN, MARVEL, LEGO, and iVISPAR by sup-
porting not only isolated 2D or 3D abstract visual reasoning,
but also spatial reasoning that involves transformations be-
tween 2D and 3D structures.

We evaluate a set of state-of-the-art MLLMs on the pro-
posed PFP dataset to assess their capabilities in abstract and
spatial reasoning. The evaluated models include six lead-
ing closed-source systems: Doubao1.6-Flash (Doubao Team
2025), Gemini-2.5-Flash (Gemini Team 2025), Sonnet-
3.7-Thinking (Claude Team 2025), GPT-40, GPT-40-mini
(OpenAl 2023), and o4-mini (OpenAl 2025). In addi-
tion, we include a diverse collection of open-source mod-
els, such as GLM-4.1V-Thinking-Flash-10B (GLM-V Team
2025), Qwen2-VL-[7B/72B] (Wang, Bai et al. 2024), and
Qwen2.5-VL-[7B/32B/72B] (Bai, Chen et al. 2025). The
experimental results reveal the substantial challenges posed
by our benchmark in both abstract pattern recognition and
2D-3D spatial reasoning. Our benchmark evaluation also re-
veals a substantial gap between current MLLMs and human-
level spatial reasoning: humans outperform all six tested
closed-source MLLMs by over 30%, while twelve leading
open-source models exhibit even weaker performance, with
most nearing random baselines. These results highlight the
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need for more structured spatial reasoning and understand-
ing capabilities in future MLLMs.

In summary, Paper Folding Puzzles offers a thorough as-
sessment of MLLMSs’ sequential reasoning and spatial com-
prehension abilities. The main contributions of our work are
as follows:

* Evaluation for single-step and multi-step sequential
reasoning. Built upon a step-by-step construction pro-
cess, Paper Folding Puzzles is the first benchmark explic-
itly designed to evaluate both single-step and multi-step
sequential reasoning grounded in symmetry. Each task
in this benchmark requires reasoning about up to 3 folds
and 4 cutout shapes.

Evaluation of bidirectional 2D-3D spatial under-
standing. Our benchmark offers a diverse suite of tasks
designed to systematically evaluate MLLMs’ spatial rea-
soning capabilities across both 2D and 3D domains in
both directions. These include folding 2D nets into 3D
cubes, unfolding 3D cubes into flat nets, and inferring
folding procedures from final cutout shapes. Together,
these tasks enable a comprehensive evaluation of both
forward and inverse spatial reasoning.

Dataset Synthesis and Extensive Experiments. Our
benchmark reveals significant deficiencies even in ad-
vanced MLLMs. We constructed 150,000 puzzles and
evaluated state-of-the-art models on a 3,000 test subset,
comparing their results with human performance to un-
cover key insights into their strengths, weaknesses, and
future directions for enhancing AVR reasoning.

Related Work

AVR Benchmarks. The domain of AVR (Zhang et al.
2019) focuses on tasks that require abstracting and analogiz-
ing visual patterns across different contexts. These tasks typ-
ically involve recognizing relational structures and transfor-
mation rules that govern simple 2D shapes and their visual
properties (Malkiriski and Mardziuk 2025). Existing AVR
benchmarks vary significantly across multiple dimensions
(Malkinski and Mandziuk 2023). Some focus on clearly
defined geometric shapes (Zhang et al. 2019; Manidziuk
and Zychowski 2019; Hill et al. 2019; Webb et al. 2020;
Chollet 2019), while others employ more abstract visual
forms (Nie et al. 2020; Fleuret et al. 2011). The underly-
ing rules in AVR benchmarks can be either explicit or ab-
stract. For example, PGM (Barrett et al. 2018) employs five
well-defined rules such as progression, XOR, OR, and AND,
while Bongard problems (Nie et al. 2020) rely on abstract
rules that distinguish between two groups of visual pan-
els. AVR tasks include classification, generation, and de-
scription, typically framed as either completion (inferring
missing elements) or discrimination (identifying anomalies).
Datasets like RAVEN (Zhang et al. 2019), PGM (Barrett
et al. 2018), and VAP (Hill et al. 2019) emphasize domain
transfer, requiring models to generalize learned rules. Oth-
ers, such as VAEC and DOPT (Webb et al. 2020), focus on
extrapolation across systematic spatial variations (e.g., posi-
tion, size). These benchmarks provide a controlled setting to
assess MLLMs’ abstract reasoning abilities.



Multimodal Large Language Models. The integration
of rich visual representations from vision encoders (Radford
et al. 2021) with the strong reasoning capabilities of large
language models (LLMs) (Touvron et al. 2023; Chiang et al.
2023) has led to the development of MLLMs (Li et al. 2022;
Dai et al. 2023; OpenAl 2023; Liu et al. 2023). These mod-
els have been successfully applied to a wide range of vision-
language tasks, such as image captioning (Young et al. 2014;
Agrawal et al. 2019), VQA (Antol et al. 2015; Goyal et al.
2017; Manmadhan and Kovoor 2020), VCR (Zellers et al.
2019; Xie et al. 2019), and Physical Reasoning (Bakhtin
et al. 2019; Riochet et al. 2022), achieving notable perfor-
mance in zero-shot (Li et al. 2022), few-shot (Alayrac et al.
2022; Zhao et al. 2024), and chain-of-thought reasoning
abilities (Huang et al. 2023). To better understand the scope
of MLLMs’ capabilities, prior studies have investigated their
performance on geometric (Kazemi et al. 2023) and mathe-
matical reasoning tasks (Wang et al. 2025). Closely related
to our work are the studies by Jiang et al. (Jiang et al. 2024)
and Tang et al. (Tang et al. 2025), which assess MLLMs’
multidimensional abstract reasoning and 3D spatial under-
standing. However, these evaluations are either limited in
scale or fail to consider spatial reasoning across 2D and 3D
representations. In this work, we address this gap by con-
ducting a large-scale evaluation that provides comprehen-
sive insights into the abstract reasoning abilities of MLLMs,
with a particular focus on symmetry in 2D space and the
bidirectional reasoning between 2D and 3D representations.

Paper Folding Puzzles
Attributes and Rules

For 2D folding problems, we employ twelve types of sym-
metric folds, including horizontal, vertical, and both forward
and backward diagonal mirror folds, covering 2-way, 3-way,
and 4-way symmetries. Additionally, four asymmetric folds,
such as corner folds with randomly sampled axes or po-
sitions, are included. Base shapes are uniformly generated
across fold types and further augmented with 1-4 cutout el-
ements (circle, rectangle, square, hexagon) ac-
cording to predefined probabilities. Cutout placements are
sampled from corner, edge, and center positions to
construct the final folded patterns. Distractors are primarily
generated by altering the symmetry axis types in 1- to 3-
fold processes and modifying the number, size, shape, and
position of cutout elements, leading to variations in their
size, shape, position, orientation, and quantity. For 3D fold-
ing and unfolding tasks, we design problems based on face
composition transformations that incorporate visual patterns
and spatial configurations. Each cube has 24 viewpoints, 11
unfoldable nets, and 30 surface pattern variations. In fold-
ing tasks, distractors are generated by altering viewpoints or
swapping patterns to change face adjacency and opposition.
Problems are categorized as easy or hard based on the con-
sistency of reference face (e.g., front) features. For unfolding
tasks, we use 11 cube nets with 30 distinct surface patterns.
Distractors are constructed by modifying net shapes or face
patterns, and difficulty is determined by whether the 2D nets
across choices share the same layout.
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2D/3D Spatial Reasoning

In the context of the PFP dataset, 2D spatial reasoning refers
to the mental manipulation of two-dimensional shapes, in-
cluding understanding how objects transform through re-
flection, translation, rotation, and composition within the 2D
plane. Unlike other reasoning tasks, it requires not only pat-
tern recognition and the comprehension of sequential fold-
ing procedures, but also the ability to infer mirror symmetry
and predict the mirrored outcomes of cuts after unfolding.
Such multi-step sequential reasoning further demands short-
term memory, temporal ordering, and mental simulation—
all of which present unique challenges for current MLLMs.
In the context of the PFP dataset, 3D spatial reasoning in-
volves the mental construction and deconstruction of three-
dimensional structures, understanding spatial relationships
between 2D and 3D representations, and reasoning about ob-
ject transformations in 3D space—such as rotation, perspec-
tive changes, and folding from 2D nets into 3D forms. This
requires MLLMs to perform tasks such as matching a 2D
net to its corresponding 3D object, reasoning about perspec-
tives and visible surfaces, and understanding adjacency rela-
tionships between object faces. By evaluating these abilities,
the PFP benchmark highlights critical limitations in current
MLLM:s and provides insight into the next steps needed for
advancing spatially-grounded multimodal intelligence.

Task Definition

To thoroughly evaluate spatial reasoning in MLLMs, we de-
fine five categories of tasks. As illustrated in Fig. 1, the
PFP dataset comprises: (1) symmetry-based single-step and
multi-step spatial reasoning tasks, (2) their corresponding
inverse reasoning variants, and (3) tasks involving bidirec-
tional reasoning between 2D and 3D structures, including
folding and unfolding procedures.

Tpye 1: Single-Step Reasoning. This task focuses on
single-step spatial reasoning and includes four subtasks: 1-
Fold, 2-Fold, 3-Fold, and Others. Each subtask represents a
different level or type of folding complexity.

(1) 1-Fold: This category includes problems involving a
single folding operation, such as horizontal, vertical, diag-
onal folds. It also covers symmetric variants along parallel
axes and corner folds. These folds typically result in two-
layer structures. (2) 2-Fold: This category involves two se-
quential folding operations selected from the same set of di-
rections. The resulting configurations produce two to four
layers, requiring more complex spatial reasoning than the 1-
Fold category. (3) 3-Fold: Problems in this category are con-
structed using three consecutive folding operations, leading
to intricate structures with two to eight layers and increased
reasoning difficulty. (4) Others: For simulation efficiency,
corner folds—typically lacking inter-layer interaction or se-
quential dependencies—are merged into a single equivalent
operation. As a result, 1-fold cases may include up to four
simultaneous corner folds. These cases introduce substan-
tial geometric irregularity and spatial ambiguity; we isolate
them to form a distinct subtask for focused evaluation.
Tpye 2: Multi-Step Reasoning.  This task is built upon
the 3-Fold subset of Type 1 (Single-Step Reasoning), but re-
formulates the question type. Instead of predicting the final



state, this task requires identifying the step that does not oc-
cur during the transition from the initial to the target state.
Tpye 3: Inverse Reasoning. This task is designed as an
inverse reasoning task based on the 1-Fold, 2-Fold, and Oth-
ers subsets from Type 1. Instead of predicting the outcome
of folding operations, this task presents a cut-out pattern and
requires humans or MLLMs to infer the folding steps that
could have produced it. To control task difficulty, only one-
step or two-step folding operations are used.
Tpye 4: 3D Folding Reasoning. In this task, a 2D net of
a cube with patterns on its faces is provided, and the model
is required to identify the corresponding 3D cube after fold-
ing. To control for difficulty, we categorize the task into two
subsets (easy and hard) depending on whether the viewpoint
of the target cube remains fixed or varies. Viewpoint varia-
tion is generally recognized as adding complexity to spatial
reasoning.
Tpye 5: 2D Unfolding Reasoning. This task reverses the
direction: given a 3D cube with distinct face patterns, the
model must identify the corresponding 2D unfolded net. We
further divide this task into easy and hard subsets based on
whether the shapes of the candidate nets differ. Variations
in 2D net shapes typically imply distinct unfolding paths,
which are generally considered to significantly increase the
reasoning difficulty.

Representative examples and prompts for the five task
types are illustrated in Fig. 2.

Construction of PFP Dataset

As shown in Fig. 2, the proposed data construction pipeline
consists of three major components: data simulation, ques-
tion—answer generation, and quality control. This pipeline
ensures the scalability, accuracy, and reliability of our data.

Construction Procedures. To construct the dataset, we
developed a custom paper-folding simulator capable of mod-
eling both 2D and 3D folding processes. For 2D tasks, the
tool simulates 1-, 2-, and 3-fold operations over 22,500
base shapes (circle, house, rectangle, square,
hexagon), each combined with 1-4 same-sized cutouts
(circle, rectangle, square, hexagon). Cutout po-
sitions are sampled as corner (20%), edge (30%), or
center (50%), and the number of cutouts follows a dis-
tribution: 1 (25%), 2 (30%), 3 (40%), 4 (5%). This process
yields a total of 90,000 unique 2D reasoning problems. For
3D reasoning, we simulate the unfolding (30,000) and re-
assembly of cubes (30,000) problems. we designed 11 cube
nets, 30 surface pattern variations, and 24 viewpoints to in-
troduce substantial structural diversity and visual confusion.
This setup presents a demanding challenge that requires pre-
cise spatial reasoning and accurate pattern matching. To
ensure data quality and reliability, we adopt a multi-stage
human-in-the-loop review process. First, we conduct quality
validation to filter out samples with overly small cutouts, ir-
regular shapes, out-of-bound positions, or folded results ex-
ceeding paper boundaries. Then, we apply difficulty filtering
to exclude QA instances that are overly challenging for hu-
mans. The dataset is intentionally curated to prioritize exam-
ples that are easy for humans but remain difficult for current
MLLMs, highlighting their limitations in spatial reasoning.
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Figure 2: Data curation pipeline.

Evaluation Protocol. We evaluate MLLMs’ spatial rea-
soning on the Paper Folding Puzzles dataset using a zero-
shot protocol. We generated 141,000 training questions,
6,000 validation questions, and test sets consisting of 3,000
questions. Each model is given standardized input, which in-
cludes visual stimuli such as folding sequences, 2D nets, or
3D cubes, along with a task-specific textual prompt. Exam-
ples of these prompts are illustrated in Fig. 2.

Dataset Statistics. As illustrated in Fig. 3, the dataset
consists of 150,000 questions uniformly distributed across
five task types, each contributing 20% of the total. Within
each task type, questions are further divided into 2—4 sub-
types based on folding complexity, except for Type 2. Due
to the multi-step nature of Type 2 reasoning, which typically
requires three folds, we did not introduce additional fold-
ing steps, as such complexity poses challenges even for hu-
man participants. In terms of spatial characteristics, 60% of
the tasks involve 2D reasoning and 40% involve 3D reason-
ing. Additionally, from the perspective of bidirectional spa-
tial reasoning, 60% of the tasks involve forward reasoning
(Types 1, 2, and 4), while the remaining 40% focus on back-
ward reasoning (Types 3 and 5). Furthermore, the four op-
tions in our single-choice questions are approximately uni-
formly distributed.

Experimental Results

Experimental Settings

Model Selection We compared various MLLMs that rep-
resent the state-of-the-art for both closed-source and open-
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Figure 3: Problem statistics in Paper Folding Puzzles.

source models, covering a diverse range of architectures,
sizes, and training processes.

We selected closed-source models based on their leader-
board rankings (LMArena 2025; LLMStats 2025), and
open-source models based on response stability and valid-
ity. The final set includes models used in recent spatial rea-
soning studies (Tang et al. 2025; Jiang et al. 2024; Ahrabian

et al. 2024).
Closed-source MLLMs. We include API-based
MLLMs including Doubaol.6-Flash (Doubao Team

2025), Gemini-2.5-Flash (Gemini Team 2025), Sonnet-
3.7-Thinking (Claude Team 2025), GPT-40 (20241120),
GPT-40-mini (OpenAl 2023), and o4-mini (OpenAl 2025).
Open-source MLLMs. We evaluate MLLMs from 4.5B
to 72B: GLM-4.1V-Thinking-Flash-10B (GLM-V Team
2025), Qwen2-VL-[7B/72B] (Wang, Bai et al. 2024),
Qwen2.5-VL-[7B/32B/72B] (Bai, Chen et al. 2025), Emu3-
8B (Emu3 Team 2024), Pixtral-12B (Agrawal et al. 2024),
Idefics3-8B (Laurencon et al. 2024), InternVL2.5-8B (Chen,
Wang et al. 2025), MiniCPM-V2.6-8B (Yao, Yu et al.
2024), LLaVA-1.5-13B (Liu et al. 2023) and DeepSeek-
VL2-4.5B (Wu, Chen et al. 2024).

Human Evaluation. To estimate the upper-bound per-
formance on the Paper Folding Puzzles benchmark, we re-
cruited 20 human participants aged between 20 and 40 years,
all of whom are graduates of universities with science and
engineering majors, and none of whom had received prior
training in spatial reasoning. Each participant was asked to
solve 30 randomly assigned questions from every task, en-
suring comprehensive coverage of all pattern types and task
configurations. The overall accuracy across these 20 partici-
pants is reported as the human performance baseline.
Evaluation Metrics. For all visual questions in Paper
Folding Puzzles, we adopt accuracy (%) as the evaluation
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metric. Most models were evaluated three times per task,
with the best overall performance reported. Exceptions in-
clude Sonnet-3.7-Thinking, Gemini-2.5-Flash, and 04-mini,
which were excluded from repeated runs due to excessive
runtime (over 5 hours) and high costs (over $8) per task.

Single-Step Reasoning

Table 1 presents the performance of MLLMs on single-step
sequence reasoning tasks with increasing folding complex-
ity. Doubaol.6-Flash and GLM-4.1V-Thinking-Flash-10B
achieve the highest accuracy (41.67%), followed by Qwen2-
VL-72B (34.67%). Task difficulty increases progressively
from 1-Fold to 3-Fold and Others, reflecting the greater
number of folding steps and the increasing complexity of
local symmetry. These patterns are consistent with human
cognitive expectations.

Top-performing models show accuracy trends similar to
human performance but still encounter two main challenges.
First, perception errors occur when models misinterpret sub-
tle differences in cutout size, orientation, shape, or num-
ber. These variations are typically easy for humans to dis-
cern. Second, corner-fold tasks (categorized under Oth-
ers”) lead to substantial reasoning errors due to the lack of
global symmetry, posing challenges for both MLLMs and
humans; however, human accuracy remains approximately
30% higher.

Overall, although current MLLMSs demonstrate a degree
of reasoning ability, they remain limited in fine-grained vi-
sual discrimination and in handling spatial reasoning tasks
that involve symmetry. These limitations underscore the per-
ceptual challenges identified by the AVR benchmark.

Multi-Step Reasoning

In this task, MLLMs perform even more poorly due to the in-
terdependence among answer choices, which requires short-
term memory and stronger reasoning abilities such as order-
ing and elimination. For humans, multi-step reasoning often
reveals additional clues through the structure of the options.
Once the correct step order is determined, incorrect choices
can be efficiently ruled out. As shown in Table 1, human
accuracy significantly exceeds that of all tested MLLMs.
Specifically, human performance is more than twice as high
as that of the best-performing model, 04-mini (41.00%),
while all other models score below 35%.

Error analysis of the top-performing MLLMs reveals that
most mistakes occur when identifying the third folding step.
This suggests that these models struggle to understand the
sequential dependencies across the four options. Unlike hu-
mans, they struggle to reason through the steps in a hier-
archical manner, first identifying the initial folds and then
applying elimination to determine the final step.

Inverse Reasoning

Inverse reasoning tasks challenge models to reconstruct the
original 1- to 2-step folding sequence based on a given 2D
cutout pattern and select the correct answer accordingly. Un-
like sequential reasoning, which emphasizes alignment with
a process, this task focuses on pattern induction from ob-
served outcomes, a skill in which humans are excellent.



Models Single-Step Reasoning Multi-Step Reasoning
1-Fold 2-Fold 3-Fold Others Overall|Circle Hexagon House Rectangle Square Overall
g|Doubaol.6-Flash 40.98 45.50 43.50 28.21 41.67 |24.17 25.83 31.67 29.17 2750 27.67
§GPT—4o—mini 30.33 29.00 25.50 19.23 26.83 |28.00 30.50 2550 28.00 26.50 27.70
v |GPT-40 31.97 31.00 28.50 26.92 29.83 |25.83 29.17 3583 24.17 27.50 28.50
"3 |04-mini 3443 3550 31.00 2692 31.96 |40.83 4333 34.17 3333 53.33 41.00
8|Gemini-2.5-Flash 2623 31.5 28.50 32.05 29.5 |33.33 41.67 36.67 28.33 29.17 33.83
O|Sonnet-3.7-Thinking | 31.97 33.00 31.00 25.64 31.17 [39.17 30.00 35.00 28.33 40.83 34.67
GLM-4.1V-10B 37.70 45.50 48.00 21.79 41.67 |22.50 28.33 3583 20.00 28.33 27.00
Qwen2.5-VL-7B 27.05 26.50 19.00 16.67 22.83 |19.17 2333 2250 20.83 24.17 22.00
Qwen2.5-VL-32B  [28.69 31.5 29.00 24.36 29.17 |28.33 31.67 14.17 2750 25.00 25.33
o |Qwen2.5-VL-72B | 33.61 35.00 31.00 21.79 31.67 |21.67 34.17 26.67 27.50 19.17 25.83
§Qwen2-VL-72B 30.33 42.50 34.00 23.08 34.67 |21.67 2833 34.17 2750 18.33 26.00
& |[Emu3-8B 2459 25.50 28.50 28.21 26.70 |24.17 24.17 26.67 2250 21.83 23.87
gPixtral-IZB 22.13 26.50 27.50 30.77 26.50 |30.83 25.83 30.83 30.83 33.33 30.33
O°~Ideﬁcs3—8B 31.97 27.00 28.00 14.10 26.67 | -/- -/- -/- -/- -/- -/-
InternVL2.5-8B 18.85 20.00 28.00 19.23 22.33 |18.33 25.00 28.33 30.00 28.33 26.00
MiniCPM-V2.6-8B |24.59 2550 17.00 17.95 21.50 {25.00 25.83 2857 2750 26.67 26.67
LLaVA-1.5-13B 27.78 28.50 26.00 28.21 27.50 |20.00 30.83 29.17 23.33 28.33 26.33
DeepSeek-VL2-4.5B| 24.59 26.50 25.00 2821 25.83 |16.67 20.00 20.83 24.17 25.00 21.33
|Human | 8525 80.50 67.50 60.30 72.64 |92.50 90.83 83.33 8333 8250 86.50

Table 1: Evaluation on Single-Step and Multi-Step Sequential Reasoning. Light gray indicates the best performance for each

task among all models in the test sets, respectively.

Humans achieve the highest overall accuracy on this task
(87.67%), while closed-source MLLMs generally outper-
form open-source ones. The best-performing model, o4-
mini, reaches 37.83%, followed by Gemini-2.5-Flash and
Sonnet-3.7-Thinking, both exceeding 30%, indicating rela-
tively stronger inductive capabilities, as shown in Table 2.

Error analysis of the top performing MLLMs indicates
that a majority of their mistakes originate from misidenti-
fying the direction and location of the symmetry axis dur-
ing the first fold. Humans rarely make errors at this early
stage. In terms of difficulty, humans find 2-Fold tasks signif-
icantly more challenging than 1-Fold ones, whereas MLLMs
exhibit relatively consistent performance across both. How-
ever, in the Others subtask involving corner folds, human
performance remains stable, while most MLLMs show a
significant drop. This result aligns with the trends observed
in the Single-Step Reasoning task and indicates that cur-
rent MLLMs still face challenges in understanding moder-
ately complex geometric symmetries and performing induc-
tive reasoning based on spatial relationships.

3D Folding Reasoning

As shown in Table 2, 04-mini continues to outperform other
MLLMs but still lags behind human performance by more
than 50%. Viewpoint variation has little effect on most
MLLMs, except for Qwen2-VL-72B and Qwen2.5-VL-72B.
In contrast, humans are more sensitive to viewpoint changes.
The hard group, which includes viewpoint variation, shows
approximately a 5% drop in accuracy compared to the easy
group. This suggests that 3D spatial memory plays a signif-
icant role in solving these problems.

Overall, aside from 04-mini, most MLLMs perform close
to random guessing, indicating a lack of effective 3D spatial
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reasoning capabilities. Error analysis of 04-mini shows that
it correctly identifies basic geometric shapes such as circles,
triangles, squares, hexagons, and crosses. However, it strug-
gles to reason about 3D relationships between faces, partic-
ularly in distinguishing adjacent faces from opposite ones.
This is a task that humans tend to solve with ease.

2D Unfolding Reasoning

From Table 2, we observe that the performance gap between
humans and MLLMs is the largest among all task types.
Both open-source and closed-source MLLMs achieve accu-
racies below 30%. In contrast, human performance improves
on the 2D unfolding task compared to 3D folding. This may
be due to the fact that 2D nets lie on a flat plane, making
them easier to memorize and match. Additionally, humans
find it easier to apply elimination strategies based on 2D
structures. Consequently, human performance does not sig-
nificantly decline in the hard group with 2D net shape varia-
tions compared to the easy group without such variations.

The comparison between the 2D unfolding and 3D fold-
ing tasks highlights the current limitations of state-of-the-art
MLLMs in spatial reasoning on the 3D AVR benchmark.
To improve performance, future models will need enhanced
mechanisms for memorizing spatial positions and reason-
ing about relationships between adjacent and opposite faces.
Moreover, incorporating flexible elimination strategies sim-
ilar to those employed by humans based on key visual fea-
tures could further boost reasoning accuracy.

Key Research Findings

We include evaluation results for our tasks and summa-
rize key findings as follows. Several models failed to pro-
duce valid or task-relevant responses on certain tasks and



Models Inverse Reasoning 3D Folding 2D Unfolding
1-Fold 2-Fold Others Overall | Easy Hard Overall | Easy Hard Overall
» | Doubaol.6-Flash 2700 2800 1550  23.50 |28.33 2500 26.67 |25.00 22.00 23.50
5 | GPT-40-mini 2800 3050 2550  28.00 |24.00 26.67 2533 | 2633 23.00 24.67
% | GPT-4o 29.50 2950 21.00  26.67 |[29.67 2333 2650 |29.00 19.33  24.17
3 | o4-mini 4450 3400 3500 37.83 | 3067 30.67 3033 |29.00 2933 29.17
£ | Gemini-2.5-Flash 29.00 4200 2450  31.83 |30.67 27.00 2883 |23.33 2533 2433
“ | Sonnet-3.7-Thinking | 40.00 3550 2100  32.17 | 2533 2867 27.00 |22.00 2733  24.67
GLM-4.1V-10B 2650 2850 21.00 2533 |2633 2633 2633 |23.67 2267 23.17
Qwen2.5-VL-7B 23.00 2650 1750  22.33 | 24.00 28.67 2633 | 23.67 22.67 23.17
» | Qwen2.5-VL-32B 2400 3150 2400 2650 |27.67 2500 2633 |31.67 23.67 2583
2 | Qwen2.5-VL-72B 2350 27.00 3250 2583 | 3133 2000 2567 |24.67 2600 2533
3 | Qwen2-VL-72B 2450 2350 21.00  23.00 |23.67 18.67 2117 |2333 21.00 22.17
& | Idefics3-8B 2700 2850 2100 2550 |28.00 23.34 2567 |27.67 2733 2733
&' | InternVL2.5-8B 1550  17.00  21.00  17.83 | 29.34 2467 27.00 |31.67 21.00 26.33
MiniCPM-V2.6-8B | 24.00 2200 2005  22.02 |26.00 2634 26.17 |2434 23.67 24.00
LLaVA-1.5-13B 2650 21.00 3250 2667 | 2333 28.67 2567 | 2234 2467 2350
DeepSeek-VL2-4.5B | 16.00 16.50 2150  18.00 | 24.67 27.67 26.17 |24.00 20.00 22.00
| Human | 9200 79.00 9200 87.67 |8500 80.33 8267 | 8400 8333 83.67

Table 2: Evaluation on Inverse, 3D Folding and 2D Unfolding Reasoning. Light gray indicates the best performance for each

task among all models in the test sets, respectively.

were therefore excluded from the corresponding perfor-
mance comparisons.

1) MLLMs significantly lag human performance in spa-
tial reasoning.  Experimental results reveal a clear and
substantial performance gap between humans and MLLMs,
with human accuracy surpassing that of the best MLLM by
at least 30% and exceeding it by more than 50% in some
tasks. While both groups exhibit declining accuracy with
increased folding complexity and symmetry variation, hu-
mans consistently outperform MLLMs, especially in rec-
ognizing symmetry and interpreting intricate folding pat-
terns. Humans rely on holistic and intuitive pattern recogni-
tion, whereas MLLMs tend to follow rigid, component-wise
analysis strategies that struggle with subtle visual distinc-
tions and processes of elimination. For instance, in the Type
1 Single-Step Reasoning task, humans perform relatively
worse than in the other four tasks, likely because detect-
ing fine-grained differences in size, position, and shape after
one to three folds is more difficult than identifying global
features or applying elimination strategies. These findings
underscore fundamental differences in spatial reasoning:
MLLMs lack the holistic comparison skills and elimination-
based strategies that are essential to human cognition.

2) Closed-source models outperform open-source mod-
els. Both open-source and closed-source MLLMs ex-
hibit limited performance across all reasoning tasks, as
shown in Table 1 and Table 2, with most models perform-
ing only slightly better than random guessing. Even the
leading closed-source model, 04-mini, achieves only mod-
est accuracies of 31.96%, 41.00%, 37.83%, 30.33%, and
29.17% across the five task types. Overall, closed-source
models tend to outperform open-source models, particularly
on some 2D tasks, while the performance gap is less pro-
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nounced in the two 3D tasks. Among open-source models,
the Qwen series demonstrates relatively consistent results,
with larger variants generally outperforming smaller ones.
Nonetheless, open-source MLLMs continue to struggle with
core challenges such as task comprehension, step-wise rea-
soning, and fine-grained visual recognition. Common failure
cases include misinterpreting folding operations, providing
vague or imprecise descriptions, and failing to comply with
output format constraints, revealing a significant gap in deep
task understanding and structured response generation com-
pared to their closed-source counterparts.

Conclusion and Future Work

We present Paper Folding Puzzles, a large-scale benchmark
designed to evaluate five types of 2D to 3D spatial reasoning
abilities in MLLMs through a structured set of paper folding
tasks. Unlike prior AVR benchmarks focused on abstract 2D
patterns, our dataset combines 2D symmetry and 3D face-
relation reasoning within a real-world-inspired paper fold-
ing domain. Experimental results across 18 representative
MLLMs and human participants reveal a substantial perfor-
mance gap, highlighting key limitations in current models’
geometric understanding and spatial reasoning.

However, the benchmark remains an early-stage effort.
Future work can expand the dataset in both scale and diver-
sity by incorporating more complex fold operations, addi-
tional geometric patterns, and human—computer interaction
settings. In parallel, evaluation protocols can be further en-
riched, for instance by examining MLLMs’ performance un-
der varied prompting strategies, increasing reasoning com-
plexity with multi-problem sequences, or introducing dy-
namic task composition.
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