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Abstract001

Humans naturally possess the spatial reason-002
ing ability to form and manipulate images and003
structures of objects in space. There is an in-004
creasing effort to endow Vision-Language Mod-005
els (VLMs) with similar spatial reasoning ca-006
pabilities. However, it remains unclear whether007
these models truly understand and manipulate008
spatial objects or not. To address this ques-009
tion, we propose a new evaluation framework010
aimed at assessing the performance of VLMs011
in spatial deformation reasoning tasks. Specif-012
ically, we construct a benchmark for spatial013
deformation reasoning from 2D to 3D. We ex-014
plore whether the model can effectively per-015
form spatial deformation reasoning from two016
directions: forward reasoning (given the opera-017
tions, find the final state) and reverse reasoning018
(given the final state, determine the operations).019
We adopt a ladder competition format, using020
the number of deformation steps as the level021
classification criterion, with the goal of explor-022
ing the boundaries of the model’s deformation023
reasoning capabilities. Interestingly, the bench-024
marking results reveal that almost no model025
demonstrates plausible spatial deformation rea-026
soning abilities. Furthermore, even after apply-027
ing targeted training and mainstream reasoning028
enhancement methods, the models are still un-029
able to perform well on 3D spatial deformation030
reasoning. Please visit our anonymous project031
page for more details: Anonymous Page.032

1 Introduction033

Imagine molding clay into a target object via se-034

quential actions while tracking shape and topology.035

Each action requires predicting deformation and036

planning for a smooth, consistent result. This in-037

volves spatial deformation (Gain and Bechmann,038

2008), a common task in daily life, such as mod-039

eling with clay or crafting sculptures. While cur-040

rent Vision-Language Models (VLMs) excel in lan-041

guage understanding and image recognition (Hou042

et al., 2024; Bordes et al., 2024; Ghosh et al., 2024),043

the question remains: can they effectively handle 044

complex spatial deformation tasks? 045

Existing benchmarks explore aspects of three- 046

dimensional spatial reasoning and visual-language 047

reasoning in dynamic environments, they predomi- 048

nantly focus on static or dynamic scenes and spatial 049

relationships between objects (Mayer et al., 2025; 050

Tang et al., 2025a; Wang et al., 2025; Xu et al., 051

2025; Yang et al., 2024; Zhan et al., 2025; Tang 052

et al., 2025b), as shown in Figure 1 . However, no 053

benchmark executes in-depth evaluations of spatial 054

deformation, specifically how models handle dy- 055

namic transformation of objects’ shapes in space. 056

To fill this gap and probe model defor- 057

mation limits, we introduce Inf-Bench, using 058

Shapez (Springer, 2020) and Rubiks Cube to test 059

VLM deformation reasoning. These games feature 060

simple, prior-free rules focused on object manipu- 061

lation, avoiding pattern or knowledge reliance. We 062

test forward reasoning (initialtarget stepwise trans- 063

forms) and inverse reasoning (inferring steps from 064

targetinitial). We further build an automated data 065

engine that generates unbounded, diverse, leakage- 066

free evaluation tasks with no data leakage. 067

We propose an “Infinite Ladder Competition,” 068

where the number of required deformation steps 069

defines task difficulty. All models start at one- 070

step tasks and advance to more complex ones 071

as they succeed. Unlike traditional benchmarks 072

(shown in Figure 1) with fixed tasks and metrics, 073

which become obsolete once models achieve per- 074

fect scores (Mayer et al., 2025; Xu et al., 2025; 075

Oliveira et al., 2025), our system allows unlimited 076

scalability. Model performance is reflected by the 077

highest level completed, enabling continuous, dy- 078

namic evaluation of reasoning capabilities within a 079

flexible and extensible framework. 080

We evaluate several mainstream VLMs and find 081

that human performance outperforms all models 082

across tasks, particularly in 3D reasoning, where 083

most models, even the powerful model OpenAI 084
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Figure 1: Existing spatial reasoning benchmarks (Tang et al., 2025a; Zhan et al., 2025; Wang et al., 2025; Tang
et al., 2025b) for Vision-Language Models (VLMs) focus on tasks like ‘which is higher’ or ‘find the shortest
path,’ with a static level of difficulty, which may easily get outdated with the fast evolving of VLMs. Our
Inf-Bench introduces tasks requiring forward and reverse spatial deformation reasoning (e.g., shape changes
after cutting/rotating/stacking) across 2D-3D. Our ladder competition offers evolving tasks, ensuring continuous
capability exploration without performance saturation. The results show that even the best reasoning models still
lag significantly behind humans in spatial deformation reasoning.

o3 (OpenAI, 2024b), fail to complete even basic085

reasoning tasks. Further analysis reveal that the086

models primarily rely on two strategies: “direct087

pairing” and “step-by-step reasoning execution”.088

The former involves making intuitive choices based089

on patterns and regularities, while the latter first090

encodes the figure and then analyzes deformations091

in the encoding before mapping it back to the fig-092

ure. However, the results indicate that both strate-093

gies have significant performance bottlenecks, high-094

lighting the models’ difficulties in managing high-095

dimensional coupling relationships.096

Additionally, we fine-tune models on datasets of097

different scales. We find that for low-dimensional098

tasks, models can learn forward iterative transforms099

and develop generalizable reasoning. In contrast,100

3D forward tasks still show limited reasoning depth,101

indicating a core bottleneck. We also test com-102

mon VLM enhancement methods such as Chain-103

of-Thought (COT) (Wei et al., 2022) and ReAct104

(Yao et al., 2023b), but observe little gains, and105

occasional hurt. Overall, current VLMs still lack106

stable, generalizable spatial deformation reasoning.107

The main contributions of this paper can be sum-108

marized as follows: (i) We introduce the first effec-109

tive benchmark for comprehensively exploring the110

spatial deformation reasoning ability of VLMs. (ii)111

We propose an infinitely scalable benchmarking112

paradigm based on the ladder competition system.113

(iii) We provide a thoroughly evaluation and iden-114

tifying the VLMs’ shortcomings in spatial defor-115

mation reasoning, providing a clear direction for116

future model development.117

2 Related Work 118

VLMs Spatial Reasoning Benchmark. Recent 119

studies highlight reasoning as key for spatial in- 120

telligence. Although multimodal learning has ad- 121

vanced, VLMs still perform poorly on complex 122

spatial tasks. iVISPAR (Mayer et al., 2025) shows 123

notable gaps in planning and spatial awareness. SP- 124

Gym (Oliveira et al., 2025) reveals weak general- 125

ization across visuals. LEGO-Puzzles (Tang et al., 126

2025a) finds VLMs solve only 50% of spatial 127

questions, far below 90% human accuracy. Interac- 128

tive evaluation is supported by ThreeDWorld (Gan 129

et al., 2021) and ThreeDWorld (Gan et al., 2021). 130

VisuLogic (Xu et al., 2025) and LLM-SRBench 131

(Shojaee et al., 2025) confirm limitations beyond 132

memorization, while Sparkle (Tang et al., 2025b) 133

and VSI-Bench (Yang et al., 2024) show gains from 134

targeted supervision and cognitive map generation. 135

Our work fills the gap in 2D-to-3D spatial defor- 136

mation reasoning with structured mechanics and a 137

ladder competition that identifies limitations. 138

VLMs Reasoning Improvement. The reason- 139

ing capabilities in LLMs stem from extensive train- 140

ing datasets and improved methodologies (OpenAI, 141

2024a). VLMs have built on this by demonstrat- 142

ing visual reasoning through learning the relation- 143

ships between visual inputs and text (Cheng et al., 144

2024b; Li et al., 2024). Motivated by LLM ad- 145

vancements, several studies have aimed to enhance 146

VLM reasoning. Approaches include CoT (Wei 147

et al., 2022; Zhang et al., 2024), ToT (Yao et al., 148

2023a), and Monte Carlo methods (Trinh et al., 149
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Figure 2: Shape Explanation. 2D shapes are presented on a flat plane, while 2.5D introduces additional (up to
four) layers of dimension. 3D shapes, based on a Rubik’s Cube, introduce depth and spatial orientation.

2024; Wan et al., 2024; Wu et al., 2025), along150

with SFT datasets to improve reasoning perfor-151

mance (Ye et al., 2025; Muennighoff et al., 2025).152

Despite progress, spatial understanding, such as ge-153

ometry and relationships, remains a challenge for154

VLMs (Liu et al., 2024; Ramakrishnan et al., 2025).155

This has sparked research to improve spatial abili-156

ties through pre-training (Xia et al., 2025), 3D data157

construction (Cai et al., 2024; Chen et al., 2024),158

reasoning frameworks (Cheng et al., 2024a), multi-159

modal alignment (Ray et al., 2024), and Chain-160

of-Thought methods (Liu et al., 2025; Wu et al.,161

2024). Despite these efforts, spatial imagination162

and deformation remain underexplored.163

3 Spatial Deformation Reasoning164

In this study, spatial deformation reasoning refers165

to the models ability to understand, predict, and ex-166

ecute complex shape deformations without prior167

knowledge, learning via observation or manipu-168

lation. Unlike visual spatial intelligence in VSI-169

Bench (Yang et al., 2024), which focuses on lo-170

calization and spatial perception, our spatial de-171

formation emphasizes dynamic, multi-step shape172

transformations that alter object states. We define173

its core capabilities as:174

Spatial Recognition. The ability to comprehend175

the initial shape of an object and accurately identify176

the areas that require deformation.177

Abstraction of Operational Law Principles.178

The ability to grasp the principles behind deforma-179

tion operations and abstract them into deformation180

laws, crucial for accurate reasoning.181

Stable Reasoning Execution. The ability to182

stepwise execute inferred reasoning rules with sta-183

bility and produce the final state.184

4 Inf-Bench 185

4.1 Benchmark Overview 186

We introduce Inf-Bench, a dataset for evaluating 187

VLMs on spatial deformation reasoning. It spans 188

2D to 3D tasks across three spatial levels: 189

2D Tasks: This task, inspired by single-plane 190

deformation in Shapez, evaluates the model’s abil- 191

ity to recognize objects and perform shape trans- 192

formations in a two-dimensional plane. Shapes 193

are single-layer figures divided into four quadrants, 194

each containing one of four predefined patterns or 195

an “empty” state (see Figure 2). The task includes 196

six deformation operations, involving cutting, ro- 197

tating, or coloring to transform the overall shape. 198

2.5D Tasks: Building on the 2D task, we add 199

vertical stacking (4 layers) for multi-layer deforma- 200

tion (see Figure 2). Models must handle intra-layer 201

transforms and cross-layer alignment/composition 202

reasoning. We define 7 deformations to test multi- 203

layer and spatial reasoning. 204

3D Tasks: Based on the Rubiks Cube, this task 205

tests 3D spatial manipulation and reasoning (see 206

Figure 2). The cube contains 27 units / 54 visible 207

faces, whose positions and orientations change via 208

rotation. We include all 54 basic rotations to assess 209

3D spatial reasoning, action planning, and hierar- 210

chical reasoning. Full shape and operation details 211

are in Appendix E. 212

Each spatial level contains Forward Reasoning 213

and Inverse Reasoning tasks. Forward Reasoning 214

deforms an object from the initial state to the target 215

state, testing sequence understanding and spatial 216

operation execution. Inverse Reasoning infers the 217

deformation path starting from the target state, eval- 218

uating reverse-engineering ability. Task examples 219

are shown in the Figure 3 and all the prompts are 220

presented in the Appendix B.2. 221
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This shape is performed with 4 operations, they are
{colorize yellow; stack upper on        ; cut; stack upper on 
     }, please infer what will the resulting shape look like.
A                    B                    C                      D

Shape (a) is performed with 3 operations, and the result
is shape (b), please infer what the operations are. 
A. stack under        ; stack under        ; cut
B. cut; colorize purple; stack under
C. stack upper on        ; stack under        ; cut
D. stack upper on        ; stack under        ; cut

Shape (a) is performed with 4 operations, and the result
is shape (b), please infer what the operations are. 
A. cut; fill with blue window; rotate ccw 90°; cut
B. cut; colorize yellow; rotate ccw 90°; cut
C. mirror; fill with blue window; rotate ccw 90°; cut
D. cut; fill with blue window; mirror°; rotate ccw 90°

This shape is performed with 3 operations, they are
{colorize purple; cut; fill with blue circle}, please
infer what will the resulting shape look like.
A                    B                    C                      D

(a)

(b)

(a)

(b)

Shape (a) is performed with 3 operations, and the result
is shape (b), please infer what the operations are. 
A. f2; M; r2              B. F'; M; R2
C. R2; F; M                D. F2; M; R2

(a)

(b)

This shape is performed with 3 operations, they are {F;
b2; E2}, please infer what will the resulting shape look
like.
A                    B                    C                      D

2D-inverse2D-forward

2.5D-inverse2.5D-forward

3D-inverse3D-forward

Figure 3: Inf-Bench Task Examples. Tasks are presented from 2D to 3D, with forward tasks (left) and reverse
tasks (right). Note: All problems have been simplified to enhance clarity and conciseness.
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Figure 4: Data Generation Pipeline. The process consists of five steps: First, a shape is generated, and then a
target deformation operation list is created. Next, an interference list is generated by modifying the target list. Target
and interference shapes are then produced, and finally, materials are assembled into both forward and reverse tasks.

4.2 Dataset Construction222

To ensure data quality and accuracy, we designed223

automated shape generation engine: S, which224

performs two main functions: 1) Randomly gener-225

ating an initial shape, and 2) Applying a sequence226

of deformations (action list) to generate the corre-227

sponding target shape. The shape generation en-228

gine is rule-based, with generation and operation229

execution implemented as fixed Python functions,230

detailed in the Appendix C.3. The deformation ex-231

ecution is deterministic, ensuring that the same ini-232

tial shape and action list always produce a unique233

and consistent final shape. This guarantees repro-234

ducibility, eliminates manual annotation errors, and235

enhances the dataset’s reliability for evaluation.236

The data generation pipeline consists of two237

main processes: material preparation and ques-238

tion assembly, which are divided into five steps239

shown in Figure 4:240

Step 1: The shape generation engine S randomly241

selects an initial shape sini
i , given by sini

i = S(Init). 242

Step 2: n actions are randomly chosen from 243

the action space A to create the action list otar
i = 244

RandList(n,A). 245

Step 3: Distractor action lists are generated 246

by replacing selected operations in otar
i with new 247

ones from A, forming k distractor lists odis
i,j = 248

RandReplace(otar
i , r, A), i.e., odis

i = {odis
i,j}kj=1. 249

Step 4: The action lists otar
i and odis

i,j are applied 250

to the initial shape sini
i to generate the target shape 251

star
i = S(sini

i , otar
i ) and distractor shapes sdis

i,j = 252

S(sini
i , odis

i,j), i.e., sdis
i = {sdis

i,j}kj=1. 253

Step 5: Multiple-choice questions are generated 254

as follows. The forward question qfor
i consists of an 255

option set opfor
i = {star

i , sdis
i }, and its composition 256

is given by qfor
i =

(
{sini

i , otar
i , opfor

i }, gti = star
i

)
. 257

The inverse question qinv
i has the option set 258

opinv
i = {otar

i , odis
i }, with the composition qinv

i = 259(
{sini

i , star
i , opinv

i }, gti = otar
i

)
, where gti represents 260

the ground truth for each question. 261
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5 Evaluation on Inf-Bench262

5.1 Ladder Competition Framework263

To explore the boundaries of spatial deformation264

reasoning abilities and systematically evaluate mod-265

els’ performance, we employ the ladder competi-266

tion framework. The goal is progressively increas-267

ing difficulty, providing a comprehensive test of268

the model’s adaptability in deformation tasks. In269

the ladder competition, models begin at the lowest270

difficulty level, denoted as R = 1 with only one271

step deformation. Each level consists of five ques-272

tions. If a model successfully answers at least three273

questions, it advances to a higher difficulty level;274

otherwise, it is downgraded to the same level. If it275

fails at the same level twice, the competition ends:276

R =


R− 1 and fR = fR + 1, if c < 3

R+ 1, if c ≥ 3

R, if fR = 2 or R = 0

277

where fR represents failure times of a particular278

R, and c denotes the number of correctly answered279

questions at this level. This mechanism thoroughly280

tests the model’s reasoning abilities under increas-281

ing cognitive load. The rules for advancing, down-282

grading, and the number of allowed failures at each283

level ensure the rigor of the evaluation and the sta-284

bility of the model’s reasoning capabilities. The285

final value of R, representing reasoning depth,286

is used as the Inf-Bench metric.287

5.2 Evaluation Setting288

We thoroughly evaluate 17 image-supported VLMs,289

representing a diverse range of model series, param-290

eter scales, training strategies, and advanced rea-291

soning capabilities. We also recruit 100 volunteers292

to conduct the testing. For open-source models, we293

evaluate those from the Qwen3-VL series(Bai et al.,294

2025), Llama 4 series (Meta, 2025), and Gemma 3295

series(Team et al., 2025). The proprietary models296

under consideration include GPT-5 series (OpenAI,297

2025a) and Gemini 3 Flash (Google DeepMind,298

2025a). Additionally, the reasoning models incor-299

porated comprise O3 (OpenAI, 2024b), GPT-5.2300

pro(OpenAI, 2025b), Gemini 3 Pro(Google Deep-301

Mind, 2025b), Grok 4.1(xAI, 2025), and Claude302

Opus 4.5(Anthropic, 2025).303

All evaluations are conducted in a zero-shot set-304

ting. To ensure robustness and impartiality, each305

model is evaluated on the same task set across all306

ranks, with 10 independent runs per model for sta- 307

tistical validity. Greedy decoding was used for all 308

models to enhance reproducibility. The results are 309

shown in Table 1. 310
Table 1: Evaluation on Inf-Bench. The data shows
the average reasoning depth R achieved by the models
after 10 ladder competitions. Light pink indicates best

performance by open-source models, light green by

proprietary models, and light blue by reasoning mod-
els.

2D 2.5D 3D
For Inv For Inv For Inv

Human 31.5 17.3 17.5 16.3 6.7 5.3
Open-source Models

Qwen3-VL-2B 1.7 1.2 0.6 1.0 0.2 0.0
Qwen3-VL-8B 4.2 6.4 1.3 5.6 0.7 0.0
Qwen3-VL-32B 6.5 9.6 3.4 8.6 1.1 0.0
Llama 4-scout 0.4 0.6 0.6 0.6 0.8 0.0
Llama 4-maverick 3.6 5.2 3.0 2.9 1.0 0.0
Gemma 3-4B 1.6 1.0 0.5 0.9 0.2 0.0
Gemma 3-12B 3.7 7.3 1.1 5.3 0.6 0.0
Gemma 3-27B 6.1 8.5 3.2 8.3 1.1 0.0

Proprietary Models
GPT-5 nano 2.0 1.4 0.7 1.2 0.2 0.0
GPT-5 mini 6.6 8.4 4.4 6.3 0.7 0.0
GPT-5 9.9 10.5 7.6 9.3 1.2 0.0
Gemini 3 Flash 14.5 21.1 14.2 19.4 1.4 1.7

Reasoning Models
O3 27.0 15.3 13.6 10.4 3.2 3.9
GPT-5.2 pro 28.8 16.6 16.4 13.1 3.9 4.2
Gemini 3 Pro 17.0 17.1 16.1 15.8 2.8 4.3
Grok 4.1 13.8 13.9 10.4 12.5 2.2 3.0
Claude Opus 4.5 16.4 14.1 11.0 12.2 2.2 3.9

5.3 Main Results 311

Human-Level Performance. As expected, the 312

final scores of human evaluators all exceed those 313

of the best-performing models in 2D, 2.5D, or 3D 314

tasks. They generally perform better in forward 315

reasoning tasks than reverse reasoning tasks. 316

Model Performance Overview. It is evident 317

that models generally show a competitive perfor- 318

mance in 2D and 2.5D tasks. It is also found that 319

the performance of the reasoning model and propri- 320

etary models is significantly better than that of the 321

open-source models. However, in tasks that require 322

actual 3D spatial transformation reasoning, both 323

open-source and proprietary models struggle to 324

perform even a single step of reasoning. This high- 325

lights a significant limitation in their spatial defor- 326

mation reasoning capabilities. Only powerful rea- 327

soning models, such as GPT-5.2 pro, demonstrate 328

some initial 3D deformation abilities. However, 329

most of their performance still lags significantly 330

behind human capabilities, indicating substantial 331

room for improvement. 332
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The initial shape shows four red windmills, and the final
operation mentions changing the top layer to purple. Therefore,
options with purple windmills are most likely to be the correct
answer. 

Option A shows four purple rectangles and windmills, but
it doesn't match the final shape, so it is incorrect. 
Option B shows four yellow windmills, which match the
original shape but not the final result. 
Option C shows four purple windmills, which perfectly
match the final shape, so it is the correct option. 
Option D shows four white windmills, which do not match
the operation's result, so it is incorrect.

First, the initial shape is encoded as (Top layer: RW, RW, RW, RW), where R
represents red and W represents windmill. Next, perform a step-by-step analysis:
Operation 1: Change the top layer to yellow.
The shape only has one layer, and the original red is changed to yellow,
represented by Y. So, colorize means all R becomes Y.
Result: (Top layer: YW, YW, YW, YW)
Operation 2: Cut the left side of the shape.
Cutting means removing Quadrant 1 and Quadrant 2, making the shapes in those
positions empty. We represent this with X. So, cut means the two shape code 
becomes X.
...
Operation N: Change the top layer color to purple.
Result: (Top layer: PW, PW, PW, PW)
This means the final shape has four purple windmills, which matches the shape in
option C.

(a) direct pairing example (b) step-by-step reasoning execution example

valuable information pairing encode abstract operation execute

2D
2.5D
3D
2D

2.5D
3D
2D

2.5D
3D

2D
2.5D
3D
2D

2.5D
3D
2D

2.5D
3D

Qwen3-VL-32B

GPT-5

Gemini 3 Pro

(c) two approaches comparision (d) error categories

20% 40% 60% 80% 100% 20% 40% 60% 80% 100%

Figure 5: Case Study. (a) illustrates the direct pairing, where valuable information is extracted from the prompt
and used to pair options directly. (b) shows the example of step-by-step reasoning execution, where the model first
encodes the statement, abstracts actions into operations, and then executes sequentially. (c) compares the proportions
of the two methods, highlighting that more complex tasks favor the step-by-step reasoning approach, which also
tends to have higher execution accuracy. (d) displays the distribution of main error types made by models.

6 Discussion333

6.1 How Do VLMs Perform on Spatial334

Deformation Reasoning?335

To better understand model performance, we an-336

alyze the internal reasoning processes to reveal337

the mechanisms. We select representative mod-338

els from three categories: Qwen3-VL-32B, GPT-339

5, and Gemini 3 Pro, and collect their reasoning340

processes. Each collect 100 responses per task, to-341

taling 900 responses. Through analysis, we find342

that the model primarily utilizes two approaches343

to response. One is direct pairing (see Figure 5344

(a)), where the model extracts valuable information345

directly from the operations and pairs them with346

the options. The second is step-by-step reasoning347

(see Figure 5 (b)), where the model encodes the348

input shapes and abstracts various operations into349

a set of standardized encoding rules. The model350

then executes the operations based on these rules351

to derive the final answer. From Figure 5 (c), it is352

evident that stronger models derive more conclu-353

sions through step-by-step reasoning. As difficulty354

increases, the proportion of direct pairings also355

rises, reflecting the model’s tendency to infer from356

valuable information in complex tasks.357

We analyze 476 incorrect responses and catego- 358

rize the errors into four types, as shown in Figure 5 359

(d). Full error analysis and examples are in Ap- 360

pendix B.1. 361

Pairing Errors occur when models incorrectly 362

pair based on wrong information from the problem 363

statement, accounting for 31.72% of errors. 364

Encoding Errors arise when models confuse 365

shape encoding, especially multi-layered shapes, 366

leading to incorrect answers, representing 15.76%. 367

Abstracting Errors happen when models mis- 368

interpret operations or their effects, accounting for 369

41.81%, particularly in cube tasks where coupled 370

shape states complicate abstraction. Lastly, 371

Execution Errors occur during multi-step rea- 372

soning, with one step incorrectly executed, making 373

up 10.71% of errors. These are more common in 374

non-reasoning models. 375

6.2 How Do VLMs Perform on Spatial 376

Deformation Reasoning with Only 377

Encoded Input? 378

As noted earlier, models primarily rely on shape en- 379

coding for spatial deformation reasoning. To mini- 380

mize perceptual encoding errors, we pre-encode all 381

images uniformly, allowing models to process pure 382
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RcCpSgCc
WpWgWgWp:

--Ww--Rc

{'U': [['y', 'y', 'y'], 
['o', 'b', 'o'], 
['y', 'y', 'y']], 

'D': [...], 'L': [...], ...}

U face :
Row 1: Yellow (y), Yellow (y), Yellow (y)
Row 2: Orange (o), Blue (b), Orange (o)
Row 3: Yellow (y), Yellow (y), Yellow (y)

Quadrant 1: Rectangle (R) + Cyan (c)
Quadrant 2: Circle (C) + Purple (p)
Quadrant 3: Star (S) + Green (g)
Quadrant 4: Circle (C) + Cyan (c)

Second layer (--Ww--Rc):
Quadrant 1: Empty (--)
Quadrant 2: Windmill (W) + White (w)
Quadrant 3: Empty (--)
Quadrant 4: Rectangle (R) + Cyan (c)

2D 2.5D 3D

Figure 6: Encoded Shape Example.

text input for reasoning. The encoding methods are383

detailed in the Appendix C.1, examples in Figure 6384

and results in Table 2.385

Table 2: Evaluation on Inf-Bench (only Encoded In-
put). The data shows the average reasoning depth R
achieved by the models after 10 ladder competitions.
Light pink indicates the best performance by open-

source models, light green by proprietary models, and

light blue by reasoning models.

2D 2.5D 3D
For Inv For Inv For Inv

Human 7.2 5.7 6.4 4.1 1.9 1.3

Open-source Models
Qwen3-VL-2B 2.7 0.4 2.8 3.2 0.0 0.0
Qwen3-VL-8B 24.1 4.1 8.7 4.9 0.0 0.0
Qwen3-VL-32B 32.5 8.3 15.2 11.1 0.2 0.0
Llama 4-scout 0.1 0.0 1.0 0.9 0.0 0.0
Llama 4-maverick 4.1 3.0 3.2 2.2 1.4 0.2
Gemma 3-4B 2.6 0.3 2.2 2.7 0.0 0.0
Gemma 3-12B 21.4 3.6 7.5 4.6 0.0 0.0
Gemma 3-27B 30.6 7.3 14.5 10.7 0.1 0.0

Proprietary Models
GPT-5 nano 7.4 2.0 2.9 2.2 0.4 0.0
GPT-5 mini 41.2 13.3 18.4 13.7 0.6 0.0
GPT-5 75.9 13.2 20.9 14.3 1.9 0.0
Gemini 3 Flash 177.4 87.6 22.1 33.6 3.1 3.2

Reasoning Models
O3 671.4 61.6 61.1 17.6 4.4 4.2
GPT-5.2 pro 711.7 69.0 65.4 19.4 5.0 4.4
Gemini 3 Pro 590.7 134.6 52.1 18.1 5.6 6.8
Grok 4.1 452.2 55.2 29.0 13.6 4.4 3.1
Claude Opus 4.5 483.8 78.4 30.4 15.0 5.0 3.4

The key findings are that models exhibit signifi-386

cant improvement in 2D and 2.5D tasks, however,387

they still face challenges in 3D tasks, specifically:388

Performance in 2D and 2.5D tasks improves389

significantly, suggesting that models effectively390

abstract operational patterns for tasks involving391

operations like cutting and rotating, which typically392

lack complex coupled states. Reasoning models393

show even greater improvements, with GPT-5.2 pro394

achieving forward reasoning depth even over 711.7,395

and Gemini 3 Pro reaching an inverse reasoning396

depth of 134.6, demonstrating stable performance.397

However, in 3D tasks, most models still strug-398

gle with operations on 3D shapes, where each399

operation involves interactions between coupled400

shape states. For instance, Rubik’s Cube opera- 401

tions require considering interactions across mul- 402

tiple faces. These multidimensional dependen- 403

cies increase reasoning complexity. Only high- 404

performance models like Gemini 3 Pro offer partial 405

solutions, with reasoning depth R of 6.8, indicating 406

room for improvement. 407

Interestingly, human performance on text- 408

based tasks is lower than visual input, often lag- 409

ging behind the models, highlighting the difference 410

in thinking processes between humans and models. 411

6.3 Can Supervised Fine-tuning Effectively 412

Enhance Spatial Deformation Reasoning 413

Ability? 414

Table 3: Evaluation on Inf-Bench After SFT. The data
shows the average R of 10 ladder challenges, after SFT.
Smax represents the highest difficulty level in the fine-
tuning data. “For” refers to forward reasoning training,
while “Inv” refers to inverse reasoning.

2D 2.5D 3D
For Inv For Inv For Inv

Qwen3-VL-8B
Vanilia 4.2 6.4 1.3 5.6 0.7 0.0
For (max = 1) 6.9 10.5 6.4 16.2 1.5 0.0
Inv (max = 1) 7.2 10.9 4.6 15.4 1.3 1.1
For (max = 5) 15.4 11.7 14.2 18.1 6.6 3.9
Inv (max = 5) 9.9 84.4 8.3 47.0 1.2 71.9
For (max = 10) 45.0 17.2 15.7 26.1 6.6 5.7
Inv (max = 10) 11.8 169.5 10.3 159.1 2.2 139.3

Qwen3-VL-32B
Vanilia 6.5 9.6 3.4 8.6 1.1 0.0
For (max = 1) 7.6 10.2 11.1 16.5 1.9 0.0
Inv (max = 1) 8.4 11.9 8.4 17.9 1.7 1.5
For (max = 5) 37.3 17.6 15.8 28.7 6.3 6.0
Inv (max = 5) 15.7 367.0 11.1 265.9 2.7 85.8
For (max = 10) 51.1 18.5 19.1 30.6 7.6 6.9
Inv (max = 10) 15.4 436.5 13.8 357.4 3.0 273.2

The above discussion shows existing models 415

still lag in spatial deformation reasoning, raising 416

a key question: Can classical training paradigms 417

solve this? To explore, we run SFT on Qwen3-VL- 418

8B/32B-Instruct, two open-source models differ in 419

scale that perform poorly in initial tests. We use 420

the Smax to classify the datasets, where Smax repre- 421

sents the most difficult data covered in each dataset. 422

Each group contains 20,000 samples, with equal 423
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data across steps from 1 to Smax. Training details424

are in the Appendix C.2.425

Key findings show that SFT improves reason-426

ing depth and generalization, but 3D forward task427

performance remains constrained, exposing the lim-428

itations of traditional training for high-dimensional429

deformation reasoning, specifically:430

Inverse task achieves deeper inference, for-431

ward task limited. In the forward task, reasoning432

depth improves with increasing Smax but remains433

limited in 3D tasks. In contrast, the inverse task is434

more robust, reducing error accumulation by grad-435

ually verifying the target state, which enhances436

solution depth, especially as Smax increases.437

SFT enhances 2D/2.5D depth, 3D forward438

task limited. SFT significantly boosts reasoning439

depth in 2D and 2.5D tasks, enabling multi-step440

reasoning beyond training examples, suggesting441

the learning of a reusable deformation operator.442

However, in 3D tasks, even with high-difficulty443

data (e.g., Smax = 10), the forward task struggles444

to exceed seven steps, highlighting the difficulty445

of capturing 3D deformation sequences and error446

accumulation with only supervised examples.447

Forward task shows stronger generalization448

than inverse task. Forward-task-trained models449

generalize better to the backward task than inverse-450

task-trained ones, suggesting that stepwise forward451

reasoning helps solve the inverse task, whereas the452

absence of forward reasoning limits generalization453

in inverse-task of models.454

Table 4: Evaluation on Inf-Bench After Reasoning
Enhancement. The data shows the mean highest rank
difference after 10 ladder challenges with the reasoning
enhancement method, compared to the baseline perfor-
mance (i.e., vanilla results).

2D 2.5D 3D
For Inv For Inv For Inv

GPT-5
Vanilia 9.9 10.5 7.6 9.3 1.2 0.0
+COT -0.2 -0.4 -0.6 +0.1 -0.2 0.0
+Few-shot +0.6 +0.3 +0.5 +0.1 +0.0 0.0
+Self-reflection -5.3 -1.9 -1.0 +0.3 -0.8 0.0
+ReAct -3.5 -2.8 -6.0 -0.5 -0.9 0.0
+Tools -0.4 -0.3 -1.6 +1.8 -1.1 +0.1

Llama 4-scout
Vanilia 0.4 0.6 0.6 0.6 0.8 0.0
+COT +0.3 -0.0 -0.1 -0.1 -0.3 0.0
+Few-shot +0.5 +0.1 -0.0 -0.0 -0.1 0.0
+Self-reflection +0.1 -0.1 +0.0 +0.1 +0.2 0.0
+ReAct +0.0 -0.1 -0.2 -0.0 -0.1 0.0
+Tools +0.1 +0.1 -0.0 -0.0 -0.1 0.0

6.4 Can Reasoning Enhancement Methods 455

Improve Spatial Deformation Reasoning? 456

We explore some mainstream reasoning enhance- 457

ment methods to assess whether they could effec- 458

tively improve spatial deformation reasoning, in- 459

cluding Chain-of-Thought (COT) (Wei et al., 2022), 460

Few-shot learning, Self-reflection, Tool Invocation, 461

and Reasoning and Action (ReAct) (Yao et al., 462

2023b). Implementation details and complete re- 463

sults can be found in the Appendix C.4. The re- 464

sults (see Table 4) indicate that these methods led 465

to slight improvements in specific tasks and di- 466

mensions, but overall, they do not significantly 467

enhance the ability of spatial deformation rea- 468

soning. This is especially evident in 3D tasks and 469

backward tasks, where the effects are more limited. 470

What’s more, we conducted ablations on differ- 471

ent prompt formulations to study reasoning impact. 472

Results show that prompt changes cannot remove 473

inherent spatial reasoning limits, exposing a core 474

lack of deep spatial inference. Due to space con- 475

straints, the full ablation analysis, along with a 476

detailed description of the prompt types used in the 477

experiments, will be provided in Appendix D. 478

6.5 Scalability to Other Domains and 479

Real-World Deployment? 480

Our design principle is to decompose complex 481

spatial reasoning into controllable, measurable 482

core capabilities: compositional transformation, in- 483

verse planning, and long-range causal dependency, 484

treated as atomic operations for higher-order sys- 485

tems like embodied agents and autonomous driving. 486

For instance, an embodied agent organizing a room 487

must reason about how objects can be rotated and 488

translated to fit into a drawer. Such high-level tasks 489

ultimately reduce to the same atomic operations 490

tested in our benchmark. 491

7 Conclusion 492

We introduce Inf-Bench to evaluate VLMs on spa- 493

tial deformation reasoning. Results reveal major 494

weaknesses in complex 3D and multi-step reason- 495

ing, persisting even with reasoning enhancement. 496

Humans outperform all models, showing a gap 497

from human spatial imagination. Our findings sug- 498

gest that improvements are needed in error reduc- 499

tion, multi-step abstract reasoning, and 3D reason- 500

ing capabilities. This study contributes to the de- 501

velopment of robust spatial reasoning frameworks 502

and identifies key directions for improving VLM. 503
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8 Limitations504

Although we explore various spatial transforma-505

tion tasks from 2D to 3D based on Shapez and Ru-506

bik’s Cube, real-world spatial deformations often507

involve more complex scenarios including contin-508

uous transformations, non-rigid objects, and topo-509

logical changes. Future research should extend510

to a broader range of deformation types. Our su-511

pervised fine-tuning approach, while yielding im-512

provements on certain tasks, fails to address funda-513

mental limitations in spatial reasoningparticularly514

the lack of mechanisms for maintaining global con-515

sistency and correcting accumulated errors in long516

sequence dependencies. This suggests the need517

for innovative architectural designs incorporating518

physics-inspired attention mechanisms or symbolic519

reasoning tools.520

Additionally, our evaluation primarily focused521

on model performance at fixed step numbers rather522

than exploring transfer capabilities between tasks523

of varying difficulty. Future work should system-524

atically investigate knowledge transfer and gener-525

alization abilities from low-dimensional to high-526

dimensional tasks.527

While our experiments demonstrate fundamen-528

tal limitations in current models’ spatial reasoning529

capabilities, we have not exhaustively explored all530

possible enhancement techniques. Combining mul-531

timodal pretraining with neural-symbolic methods,532

embodied learning, or external memory mecha-533

nisms might provide breakthroughs in this domain.534
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A Appendix Outline 760

In the appendix, we provide the following: 761

• The detailed error analysis and evaluation 762

setup for the Inf-Bench experiments (Ap- 763

pendix B); 764

• Technical details on the construction of Inf- 765

Bench, including our method for encoding 766

graphics, training details, and the implemen- 767

tation specifics of the reasoning enhancement 768

methods we employ (Appendix C); 769

• Prompts ablation study (Appendix D). 770

• A comprehensive introduction to the graphics, 771

colors, and operations (Appendix E). 772

B Evaluation Details 773

B.1 Error Analysis Detail and Example 774

For each erroneous case, we classify its primary 775

error into one of four main categories: Pairing Er- 776

rors, Encoding Errors, Abstracting Errors, and Ex- 777

ecution Errors. Suppose an incorrect prediction 778

is attributed to multiple causes. In that case, it is 779

proportionally assigned to each category based on 780

the number of applicable error categories, with n 781

representing the number of error categories. Exam- 782

ples of these four types of errors are presented in 783

Figure 7. 784

Pairing Error: Models incorrectly pair based 785

on the incorrect information extracted from the 786

problem statement, leading to mistakes. 787

Encoding Error: Models confuse in encoding 788

shapes, such as inconsistencies between the front 789

and back, leading to incorrect answers. These 790

errors are primarily concentrated in shapes with 791

multiple layers, as the complexity of encoding in- 792

creases. 793

Abstracting Error: Models misinterpret oper- 794

ations or incorrectly predict their effects. These 795

errors are mainly observed in cube tasks, where 796

each operation must consider the coupled states of 797

the shapes, making it more difficult to abstract the 798

resulting state changes. 799

Execution Error: Model make errors during 800

multi-step reasoning, where one step of reason- 801

ing is incorrectly executed. This type of error is 802

more common in non-reasoning models, as reason- 803

ing models have more mature thought chains and 804

higher reasoning stability. 805
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Question: The initial shape is        . Please predict what the shape will look
like after performing {cutting, rotating 90° clockwise, stacking on       , and
colorize the top layer purple}.

Incorrect Answer: The initial shape shows four red windmills, and the final
operation mentions changing the top layer to purple. Therefore, options
with purple windmills are most likely to be the correct answer.

Explanation: The four red windmills in the initial shape have actually
already been moved to the bottom layer during the stacking process, and
will not be dyed purple.

Question: The initial shape is        . Please predict what the shape will look
like after performing {cutting, rotating 90° clockwise, stacking on       , and
colorize the top layer purple}.

Incorrect Answer: The initial shape is encoded as (Top layer: RW, RW,
RW).

Explanation: There are four quadrants in total, but only three quadrants
are represented, which causes issues in the subsequent operations.
Therefore, the initial shape should be encoded as (Top layer: RW, RW, RW,
Empty).

Question: The initial shape is        . Please predict what the shape will look
like after performing {dyeing the top layer purple, cutting, mirroring, and
rotating 90° clockwise}.

Incorrect Answer: The initial shape is encoded as (Top layer: RW, RW,
RW, Empty). After dyeing, the shape is encoded as (Top layer: PW, PW,
PW, PW). After cutting, the shape is encoded as (Top layer: Empty, Empty,
PW, PW). After rotating 90° clockwise, the shape is encoded as (Top layer:
Empty, PW, PW, Empty).

Explanation: There are four quadrants in total, but only three quadrants
are represented, which causes issues in the subsequent operations.
Therefore, the initial shape should be encoded as (Top layer: RW, RW, RW,
Empty).

Question: The initial shape is        . Please predict what the shape will look
like after performing {dyeing the top layer purple, cutting, mirroring, and
rotating 90° clockwise}.

Incorrect Answer: The initial shape is encoded as (Top layer: RW, RW,
RW, Empty), where R represents red and W represents windmill. After
dyeing, the shape is encoded as (Top layer: RP, RP, RP, RP).

Explanation: In the initial shape, R represents the color. Therefore, during
the dyeing operation, R should be changed to P. However, the shape code
W was incorrectly changed to P in this case.

(a) Pairing Error

(c) Abstracting Error

(b) Encoding Error

(d) Execution Error

Figure 7: Examples of Errors

To gain a deeper understanding of the model’s806

performance in Spatial Deformation Reasoning807

tasks, this study analyzes the models internal rea-808

soning processes, aiming to reveal the mechanisms809

it employs to handle these tasks. As shown in the810

figure 5, we can find that models primarily pro-811

cesse the input through encoding the shapes, and812

by abstracting various operations into a set of stan-813

dardized encoding operation rules, it then performs814

transformation reasoning based on this encoding.815

It is apparent that, due to the relatively low com-816

plexity of the graphical shapes used, which closely817

resemble simple versions of real-world objects, the818

model faces fewer challenges in correctly encod-819

ing the shapes. Therefore, whether the model can820

reason accurately depends on its ability to effec-821

tively map spatial operations to the application of822

the encoding operation rules. Specifically, a cor-823

rect mapping leads to accurate reasoning results,824

while an incorrect mapping results in erroneous825

reasoning outcomes.826

Furthermore, we analyzed the models reasoning827

process across tasks with different dimensionalities828

and found that the models ability to abstract rules829

is smoother for 2D and 2.5D tasks. However, when830

faced with 3D tasks, its ability to abstract rules sig-831

nificantly decreases, making it difficult to establish832

effective correspondences in the mapping process,833

which ultimately affects the accuracy of reasoning.834

From the perspective of task nature, operations in835

2D and 2.5D tasks, such as cutting, rotating, and 836

stacking, typically do not involve complex coupled 837

states, making the abstraction of rules relatively 838

easier. However, when performing operations on 839

three-dimensional shapes, each operation must ac- 840

count for the coupled states between the shapes. 841

For example, each operation on a Rubiks Cube 842

involves the interaction of colors across multiple 843

faces. This means that, when mapping operations, 844

the model must thoroughly consider the complex 845

dependencies between the faces. This multidimen- 846

sional interaction effect undoubtedly significantly 847

increases the complexity and difficulty of the rea- 848

soning process. 849

B.2 General Evaluation Setup 850

To ensure reproducibility, unless otherwise speci- 851

fied, we apply a greedy decoding strategy (with a 852

temperature setting of 0, and both top-p and top- 853

k set to 1) for all models. In forward tasks, we 854

present all options within a single image, as shown 855

in Figure 8. All the prompt used in Inf-Bench is 856

shown in Figures 9, 10, and 11. 857

B.3 Human Evaluation Setup 858

When evaluating human-level performance on Inf- 859

Bench, human evaluators are allowed unlimited 860

time to answer the questions but can only submit 861

one answer. They receive both the question and the 862

corresponding image simultaneously, and we do 863
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Figure 8: Example of the Option of Forward Task

not impose any restrictions on their ability to draft864

responses.865

For 2D tasks, drawing intermediate steps is not866

allowed, while gestures can be used as an auxil-867

iary form of expression. Based on my experience868

and responses from those I interviewed, gestures869

often help in problem-solving. Additionally, for870

tasks with many operations, they tend to match pat-871

tern options directly rather than reason step-by-step.872

Since 2D reasoning is relatively simple (involving873

only four quadrants), these tasks are not challeng-874

ing for humans when accompanied by images.875

C Technical Details876

C.1 Detailed Overview of Encoding Methods877

This section provides a detailed explanation of the878

encoding methods mentioned in section 6.2 of the879

main text.880

C.1.1 2D Encoding Method881

In the 2D task, shapes consist of two components:882

color and shape type. The color of each shape is883

represented by a lowercase letter, including red (r),884

green (g), blue (b), yellow (y), purple (p), cyan (c),885

colorless (u), and white (w). The shape type is rep-886

resented by an uppercase letter, including circle (C),887

rectangle (R), windmill (W), sector (F), and star888

(S). Each shape comprises four quadrants, arranged889

in the order of quadrant 1, quadrant 2, quadrant 3,890

and quadrant 4, starting from the top right quadrant891

and proceeding clockwise. Each quadrant is repre-892

sented by a pair of letters: the first letter represents893

the shape type, and the second letter represents the894

color. If a quadrant is empty, it is denoted by “–”.895

A shape can consist of up to four layers, each com- 896

prising four quadrants. The shape encoding starts 897

from the top layer and is arranged in ascending 898

order from bottom to top, with layers separated 899

by a colon. For example, “Su–Ry–” represents 900

that in the first layer, quadrant 1 is a colorless star, 901

quadrants 2 and 4 are empty, and quadrant 3 is a 902

yellow rectangle. In this task, the player needs to 903

transform the original shape into the target shape 904

through a series of operations. Shape operations in- 905

clude cutting (removing quadrants 1 and 2, which is 906

equivalent to cutting off the right half of the shape), 907

clockwise rotation by 90°(rotating the quadrants 908

clockwise), counterclockwise rotation by 90°(rotat- 909

ing the quadrants counterclockwise), filling (filling 910

empty quadrants with specified shapes), mirroring 911

(horizontally mirroring the entire shape), and color- 912

ing (changing the color of all shapes in the selected 913

layer). These operations gradually transform the 914

shape to match the target. 915

C.1.2 2.5D Encoding Method 916

In the 2.5D task, shapes not only have multiple 917

layers, each consisting of four quadrants, but the 918

maximum number of layers is four. The shape of 919

each layer is represented by the same rules and 920

arranged in ascending order from bottom to top. 921

Each layer consists of four quadrants, with the 922

order of quadrants being quadrant 1, quadrant 2, 923

quadrant 3, and quadrant 4. Unlike the 2D task, 924

the shapes in 2.5D tasks stack multiple layers on 925

top of each other, with each layer separated by a 926

colon (:) and arranged from the bottom layer to 927

the top layer. The encoding rules for the shape are 928

similar to those in the 2D task, where each layer 929

is composed of four quadrants, and each quadrant 930

is represented by a character pair for shape and 931

color. If a quadrant is empty, it is represented by 932

“–”. Layers are separated by colons. For example, 933

{“Layer 1”: “Su–Ry–”, “Layer 2”: “——Wp–”} 934

indicates that in the first layer, quadrant 1 is a col- 935

orless star, quadrant 3 is a yellow rectangle, and 936

in the second layer, quadrant 3 is a windmill. In 937

2.5D tasks, in addition to basic operations (such 938

as rotation, cutting, filling, coloring), players must 939

also follow physical constraints: for instance, if 940

a quadrant in one layer contains a shape, the cor- 941

responding quadrant in the lower layer must also 942

contain a shape to satisfy the physical constraints. 943

Operations include cutting (removing quadrants 944

1 and 2 from each layer), clockwise rotation by 945

90°(rotating each layer by 90°clockwise), coun- 946
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System Persona
You are a player of the game Shapez, and your goal is to transform a set of raw shapes into a target shape through a series of operations.
First, I'll introduce the game's shape notation:
Each shape is represented by two characters, where the first character denotes the color, and the second character denotes the shape
type. The color and type correspond as follows:
C: Circle; R: Rectangle; W: Windmill; Fan; S: Star; r: Red; g: Green; b: Blue ; y: Yellow; p: Purple; c: Cyan; u: Uncolored; w: White; --: Empty
(No shape or color)
A single layer's shape code consists of the shape codes for four quadrants, in the following order: 'Quadrant 1, Quadrant 2, Quadrant 3,
Quadrant 4'
For example, 'Su--Ry--' indicates that Quadrant 1 'Su' has an uncolored star, Quadrant 2 '--' is empty, Quadrant 3 'Ry' has a yellow
rectangle, and Quadrant 4 '--' is empty.A shape can consist of one layers, with each layer represented by a shape code of up to four
quadrants.
Next, I’ll explain the available operations and the rules for each:

Cutting (removes shapes in Quadrants 1 and 2 of the input shape, which is equal to cut the right side of the shape);
Rotate clockwise by 90° (rotates all shapes clockwise by 90°, so Quadrant 1 becomes Quadrant 2, Quadrant 2 becomes Quadrant 3,
Quadrant 3 becomes Quadrant 4, and Quadrant 4 becomes Quadrant 1);
Rotate counterclockwise by 90° (rotates all shapes counterclockwise by 90°, so Quadrant 1 becomes Quadrant 4, Quadrant 4 becomes
Quadrant 3, Quadrant 3 becomes Quadrant 2, and Quadrant 2 becomes Quadrant 1);
Filling (fill all blank quadrants within the input shape using another shape);
Mirror (perform a horizontal mirror operation on the entire shape, so Quadrant 1 becomes Quadrant 4, Quadrant 4 becomes
Quadrant 1, Quadrant 2 becomes Quadrant 3, and Quadrant 3 becomes Quadrant 2);
Coloring (input a shape and a color; change the color of every shape in each quadrant of the top layer to the given color);

Great, now you have become a Shapez master. From now on, you will answer my questions, and you only need to output the letter
corresponding to your choice.

User Input (Forward)
This is the original shape, with its image: {initial shape image}.
If you perform {steps_number} operations on this shape, what will the resulting configuration look like?  The operations are:
{target_action_list}. Please select the correct answer from the options below. You only need to output the letter corresponding to your
choice. The options are: {option shape image}.

User Input (Inverse)
This is the original shape, with its image: {initial shape image}. 
If this shape is performed with {steps_number} operations, and the result is {target shape image}, can you infer what the operations are?
Please select the correct answer from the options below. You only need to output the letter corresponding to your choice. The options are:
{options action lists}

2D

Figure 9: Prompt of Inf-Bench (2D)

terclockwise rotation by 90°(rotating each layer947

by 90°counterclockwise), stacking (stacking one948

shape layer on top of another), and coloring (chang-949

ing the color of all shapes in a layer). These opera-950

tions allow players to complete shape transforma-951

tions in a multi-layered structure while adhering to952

specific physical constraints and operational rules.953

C.1.3 3D Encoding Method954

In the 3D task, shapes are represented as a Rubik’s955

Cube. The Rubik’s Cube consists of six faces, each956

represented by a 3x3 matrix of colors. Each face957

is composed of 3 rows and 3 columns of colored958

squares. The faces of the cube are represented by959

letters: Up (U), Down (D), Left (L), Right (R),960

Front (F), and Back (B). Each face’s color is repre-961

sented by color characters: yellow (y), white (w),962

red (r), orange (o), green (g), and blue (b). For963

example, 964

U :

 y y y
y y y
y y y

 965

Indicates that all squares on the upper face are yel- 966

low. The operations on the Rubik’s Cube include a 967

clockwise rotation of 90°(rotating a face 90°clock- 968

wise, changing the colors of that face and adjacent 969

faces), and a counterclockwise rotation of 90°(ro- 970

tating a face 90°counterclockwise, changing the 971

colors of that face and adjacent faces). The shape 972

encoding method is straightforward, where each 973

face is represented by a 3x3 matrix, and each ma- 974

trix element represents the color of the square at 975

that position. Players need to transform the Rubik’s 976

Cube from its initial state to the target state by per- 977

forming a series of rotations. The position of each 978

face and the relative position of each square are 979
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System Persona
You are a player of the game Shapez, and your goal is to transform a set of raw shapes into a target shape through a series of operations. 
First, I'll introduce the game's shape notation: 
Each shape is represented by two characters, where the first character denotes the color, and the second character denotes the shape
type. The color and type correspond as follows: 
C: Circle; R: Rectangle; W: Windmill; Fan; S: Star; r: Red; g: Green; b: Blue ; y: Yellow; p: Purple; c: Cyan; u: Uncolored; w: White; --: Empty
(No shape or color) A single layer's shape code consists of the shape codes for four quadrants, in the following order: 'Quadrant 1,
Quadrant 2, Quadrant 3, Quadrant 4' For example, 'Su--Ry--' indicates that Quadrant 1 'Su' has an uncolored star, Quadrant 2 '--' is
empty, Quadrant 3 'Ry' has a yellow rectangle, and Quadrant 4 '--' is empty. 
A shape can consist of multiple layers, with each layer represented by a shape code of up to four quadrants. The layers are arranged from
bottom to top, as follows: {'Layer 1': 'Shape code for Layer 1', 'Layer 2': 'Shape code for Layer 2', 'Layer 3': 'Shape code for Layer 3',
'Layer 4': 'Shape code for Layer 4'}, the layer with the larger number is on the top. Note that not every shape has a fixed number of
layers; some shapes have only one layer, while others may have two, three, or four layers. Note, each shape has a maximum of four layers. 
The whole shapes follows specific physical rules: 
1.If a layer contains only one quadrant with a shape, that quadrant must have a corresponding shape in the layer below. For example, in
{'Layer 1': 'Su--Ry--', 'Layer 2': '------Wp--'}, quadrant 3's 'Wp' is the only shape in Layer 2, so quadrant 3 of the layer below (Layer 1)
must also contain a shape, which in this case is 'Ry'. Conversely, in {'Layer 1': 'SuRy----', 'Layer 2': '------Wp--'}, quadrant 3's 'Wp' in
Layer 2 is not supported by a shape in the corresponding quadrant of Layer 1, which is blank ('--'). This does not comply with physical
laws. 
2.If a layer contains two non-adjacent quadrants with shapes, those two quadrants must also have corresponding shapes in the layer below.
For example, in {'Layer 1': 'Su--Ry--', 'Layer 2': 'Sb--Wp--'}, quadrants 1 ('Sb') and 3 ('Wp') are non-adjacent shapes in Layer 2.
Therefore, quadrants 1 and 3 in Layer 1 must also contain shapes, as seen in 'Su' and 'Ry'. Conversely, in {'Layer 1': '----Ry--', 'Layer 2':
'Sb--Wp--'}, quadrant 1 in Layer 1 is blank ('--'), which does not conform to physical laws. 
3.If a layer contains two adjacent quadrants with shapes, then at least one of those quadrants must contain a corresponding shape in the
layer below. For example, in {'Layer 1': 'Su------', 'Layer 2': 'SbWp----'}, quadrants 1 ('Sb') and 2 ('Wp') are adjacent shapes in Layer 2.
Therefore, either quadrant 1 or quadrant 2 in Layer 1 must contain a shape, as shown by 'Su' in quadrant 1. Conversely, in {'Layer 1': '----
Ry--', 'Layer 2': 'SbWp----'}, both quadrants 1 and 2 in Layer 1 are blank ('--'), which does not comply with physical laws. 4.If a layer
contains three quadrants with shapes, then at least one of those quadrants must have a corresponding shape in the layer below. For
example, in {'Layer 1': '--Su----', 'Layer 2': 'SbWpCb--'}, quadrants 1 ('Sb'), 2 ('Wp'), and 3 ('Cb') are the three shapes in Layer 2.
Therefore, at least one of quadrants 1, 2, or 3 in Layer 1 must contain a shape, as seen in quadrant 2 with 'Su'. Conversely, in {'Layer 1': '-
-----Ry', 'Layer 2': 'SbWpCb--'}, all quadrants in Layer 1 are blank ('--'), which does not comply with physical laws. 
Next, I’ll explain the available operations and the rules for each, please remember that all shapes obtained after operations must follow
the laws of physics:

Cutting (removes shapes in Quadrants 1 and 2 from each layer of the input shape, as well as cut the right side of the shape); 
Rotate clockwise by 90° (rotates all shapes clockwise by 90°, so Quadrant 1 becomes Quadrant 2, Quadrant 2 becomes Quadrant 3,
Quadrant 3 becomes Quadrant 4, and Quadrant 4 becomes Q  uadrant 1)); 
Rotate counterclockwise by 90° (rotates all shapes counterclockwise by 90°, so Quadrant 1 becomes Quadrant 4, Quadrant 4 becomes
Quadrant 3, Quadrant 3 becomes Quadrant 2, and Quadrant 2 becomes Quadrant 1); 
Mirror (perform a horizontal mirror operation on the entire shape, so Quadrant 1 becomes Quadrant 4, Quadrant 4 becomes
Quadrant 1, Quadrant 2 becomes Quadrant 3, and Quadrant 3 becomes Quadrant 2);
Stacking (stacks one shape on top of another); 
Coloring (input a shape and a color; change the color of every shape in each quadrant of the top layer to the given color); Great, now
you have become a Shapez master. 

From now on, you will answer my questions, and you should output the letter corresponding to your choice, and why you choose it as
detailed as possible.

User Input (Forward)
This is the original shape, with its image: {initial shape image}.
If you perform {steps_number} operations on this shape, what will the resulting configuration look like?  The operations are:
{target_action_list}. Please select the correct answer from the options below. You only need to output the letter corresponding to your
choice. The options are: {option shape image}.

User Input (Inverse)
This is the original shape, with its image: {initial shape image}. 
If this shape is performed with {steps_number} operations, and the result is {target shape image}, can you infer what the operations are?
Please select the correct answer from the options below. You only need to output the letter corresponding to your choice. The options are:
{options action lists}

2.5D

Figure 10: Prompt of Inf-Bench (2.5D)

crucial, requiring precise control of the rotations980

to ensure the final state matches the target. The981

rotation operations involve rotating each face by 982

90°, with interdependencies between faces, making 983
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System Persona
System Persona You are a Rubik's Cube master, you will answer my questions, and you should output the letter corresponding to your
choice, and why you choose it as detailed as possible.

User Input (Forward)
This is the original shape, with its image: {initial shape image}.
If you perform {steps_number} operations on this shape, what will the resulting configuration look like?  The operations are:
{target_action_list}. Please select the correct answer from the options below. You only need to output the letter corresponding to your
choice. The options are: {option shape image}.

User Input (Inverse)
This is the original shape, with its image: {initial shape image}. 
If this shape is performed with {steps_number} operations, and the result is {target shape image}, can you infer what the operations are?
Please select the correct answer from the options below. You only need to output the letter corresponding to your choice. The options are:
{options action lists}

3D

Figure 11: Prompt of Inf-Bench (3D)

the task more complex.984

C.2 Training Details985

In our experiment, we perform supervised fine-986

tuning using the LLaMA-Factory framework to987

enhance its multimodal processing capabilities fur-988

ther. We chose the LoRA (Low-Rank Adapta-989

tion) method as the core optimization strategy.990

This method efficiently adjusts model parameters991

through low-rank matrix decomposition, avoiding992

the high computational cost of full fine-tuning and993

significantly optimizing the performance of model994

on multimodal tasks (e.g., visual and linguistic in-995

tegration). Specifically, we set the rank of LoRA996

to 8, an empirical compromise balancing model ex-997

pressiveness with reduced parameter updates and998

lower memory requirements.999

To ensure the efficiency and stability of dis-1000

tributed training, we integrate the DeepSpeed1001

ZeRO-3 optimization strategy. This strategy op-1002

timizes model parameters, gradients, and optimizer1003

states through partitioning, enabling efficient mem-1004

ory management and computational resource al-1005

location. Thus, it significantly improves training1006

speed and parallelism in multi-GPU or multi-node1007

environments.1008

For the data, we use two datasets for supervised1009

fine-tuning: shapez and cube. These datasets are1010

designed to evaluate and enhance the model’s mul-1011

timodal understanding capabilities. The shapez1012

dataset is further subdivided into shapez and1013

shapez_2d subsets. The shapez subset focuses on1014

the stitching, segmentation, and combining 2D im-1015

ages, involving complex reasoning tasks such as1016

spatial relationship analysis and geometric trans-1017

formations. In contrast, shapez_2d emphasizes 1018

specific variants of 2D images, such as simplified 1019

projections or graphic manipulations. The cube 1020

dataset, on the other hand, addresses 3D image un- 1021

derstanding tasks. By fine-tuning on these diverse 1022

datasets, we aim to strengthen the model’s gener- 1023

alization ability for visual-linguistic tasks across 1024

different dimensions and complexities. 1025

For the training configuration, we set the per- 1026

device training batch size to 4, which helps avoid 1027

out-of-memory (OOM) errors while maintaining 1028

reasonable sample diversity given the limited GPU 1029

memory. We further set the gradient accumulation 1030

steps to 4, allowing us to simulate larger effective 1031

batch sizes despite smaller actual batches, thereby 1032

improving gradient estimation accuracy without 1033

increasing per-step computation load. To optimize 1034

the convergence process, we set the learning rate 1035

to 1e-4 (i.e., 0.0001) to maintain stable training. 1036

The number of training epochs is set to 3 to ensure 1037

efficient iteration under resource constraints. 1038

C.3 Data Engine 1039

C.3.1 Shapez Data Engine 1040

The Shapez Data Engine is primarily used to 1041

generate and manage shape structures, supporting 1042

the generation of various shapes under specified 1043

conditions and transforming these shapes through 1044

a series of operations. Its core attributes include 1045

two types of fundamental data: shape types (where 1046

’C’, ’R’, ’W’, ’S’ represent circle, rectangle, 1047

windmill, and star, respectively) and colors 1048

(’r’, ’g’, ’b’, ’y’, ’p’, ’c’, ’u’, ’w’ represent red, 1049

green, blue, yellow, purple, cyan, colorless, and 1050

white, respectively). The key methods of the en- 1051
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gine include generate_shape_structures1052

and execute_actions. The1053

generate_shape_structures method is used to1054

generate a set of shape structures, where the num-1055

ber of layers, shape count, color, and consistency1056

of shapes across layers can be specified. During1057

the generation process, shapes and colors are1058

randomly selected, and shapes for each layer are1059

created based on the specified number of layers.1060

Each layer’s shape is ensured to contain at least1061

one shape via the generate_non_empty_layer1062

method, and the matching between layers is vali-1063

dated using the check_layer_validity method.1064

Finally, the generate_shape_structure method1065

combines these layers into a complete shape1066

structure and returns it. The execute_actions1067

method is used to apply a series of operations1068

(such as rotation, cutting, stacking, coloring, etc.)1069

to the generated shapes. These operations are1070

applied individually through the execute method,1071

and the transformed final shape is returned. The1072

specific algorithm is found in Algorithm 1.1073

Algorithm 1 Shapez Data Engine

1: Input: num_structures, num_layers,
color, num_shapes, num_colors,
all_the_same, seed (optional)

2: Output: Generated shape structures
3: Phase 0: Initialize Parameters
4: if seed is provided then
5: Set random seed
6: end if
7: Randomly select num_shapes from shapes
8: Randomly select num_colors from colors
9: Phase 1: Generate Shapes and Layers

10: for each layer i from 1 to num_layers do
11: Generate shape using color and shape
12: Generate a non-empty layer with at least

one shape
13: Check the validity of the layer with respect

to the previous layer
14: end for
15: Phase 2: Create Shape Structure
16: Combine valid layers to form a complete shape

structure
17: Repeat the above steps for num_structures

shapes
18: return Generated shape structures

C.3.2 Cube Data Engine 1074

The Cube Data Engine focuses on generating and 1075

manipulating 3D cubes. Its design is intended to 1076

simulate the polyhedral structure and rotational op- 1077

erations of a Rubik’s Cube. Each face of the cube 1078

is represented by a 3x3 matrix, with each position’s 1079

color represented by specific color characters (e.g., 1080

yellow ’y’, white ’w’, red ’r’, green ’g’, etc.). This 1081

engine supports generating different cube config- 1082

urations based on an initial cube state and execut- 1083

ing various rotational operations on the cube. The 1084

generate_cube_structure method generates an 1085

initial cube state by specifying different colors and 1086

layouts. The position and color of each face must 1087

strictly match to ensure the validity of the cube’s 1088

structure. The execute_cube_actions method 1089

performs a series of rotation actions, changing the 1090

color layout of the cube’s faces. Each rotation op- 1091

eration is implemented through the rotate_face 1092

method, which can rotate the face clockwise or 1093

counterclockwise. Each operation affects multiple 1094

faces of the cube and their adjacent faces, resulting 1095

in a new state. Players can adjust the cube’s state 1096

according to the task requirements through these 1097

operations, ultimately reaching the target configura- 1098

tion. The specific algorithm is found in Algorithm 1099

2. 1100

Algorithm 2 Cube Data Engine

1: Input: initial_cube_state, actions
2: Output: Modified cube state
3: Phase 0: Initialize Cube
4: Generate initial cube state from

initial_cube_state
5: Phase 1: Execute Cube Actions
6: for each action in actions do
7: if action is a rotation then
8: Rotate the specified face of the cube
9: else if action is another type then

10: Execute other cube operations (e.g.,
color change, swap)

11: end if
12: end for
13: return the Final modified cube state after ap-

plying all actions

C.4 More Enhancement Details and Results 1101

As mentioned in section 6.4 of the main text, we ex- 1102

plore several mainstream reasoning enhancement 1103

methods, including Chain-of-Thought (COT), Few- 1104
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shot Learning, Self-reflection, Tool Invocation, and1105

Reasoning and Acting (ReAct). This section pro-1106

vides a detailed explanation of the specific imple-1107

mentation of these methods.1108

C.4.1 COT.1109

The CoT presented in our paper is a zero-shot CoT,1110

where we added the phrase "Lets think step by step"1111

to the prompt. Futhermore, we have supplemented1112

the manuscript with three different CoT methods:1113

One-shot CoT: The One-shot CoT method in-1114

cludes examples related to the target task within the1115

prompt, allowing the model to improve its reason-1116

ing ability by learning from the reasoning process1117

in these examples. Specifically, we add one exam-1118

ple to the prompt and ask the model to Lets think1119

step by step following the example.1120

CoT-Self-consistency: This method improves1121

answer accuracy by performing a majority vote1122

on the final answers from multiple CoT reasoning1123

paths. Specifically, five reasoning paths are gener-1124

ated by the VLM, and the final result is selected1125

through major voting based on the outcomes of1126

these five paths.1127

ToT (Tree of Thoughts) Framework: In this1128

framework, the model selects multiple potential1129

paths at each reasoning stage and makes the final1130

decision based on the reasoning results from each1131

path. This approach helps the model make more1132

reasonable decisions in multi-level reasoning by1133

structuring the reasoning process.1134

As shown in the The Table 5, whether in the1135

One-shot CoT, CoT-Self-consistency (CSc), or ToT1136

(Tree of Thoughts) paradigms, we did not ob-1137

serve a significant performance improvement in1138

most tasks. This suggests that, within the current1139

model architecture and training process, changes1140

in the prompt formulation did not help improve the1141

model’s ability in spatial transformation reasoning.1142

We speculate that these results primarily reflect the1143

fundamental challenges that current models face1144

when processing complex spatial transformations,1145

namely, the lack of deep spatial reasoning capabili-1146

ties.1147

C.4.2 Few-shot Learning.1148

In the few-shot setting, we made attempts with1149

varying numbers of examples, ranging from 1 to1150

5 (due to space limitations, only the result from1151

1 example was presented in the main text). Each1152

example is aligned with the difficulty level (step)1153

of the task, and each difficulty level has a fixed1154

Table 5: Evaluation on Inf-Bench with Different CoT
methods. The data represents the difference in the mean
highest rank achieved by the models after 10 ladder
challenges using the reasoning enhancement method,
compared to the baseline performance (i.e., vanilla re-
sults).

2D 2.5D 3D
For Inv For Inv For Inv

GPT-5
Vanilla 9.91 10.49 7.56 9.27 1.25 0.00
Zero-shot CoT -0.16 -0.40 -0.62 +0.13 -0.19 0.00
One-shot CoT +0.09 -0.12 -0.37 -0.22 -0.14 0.00
CSc +0.16 +0.07 -0.04 +0.37 +0.06 0.00
ToT -0.46 -0.34 -0.06 -0.20 -0.10 0.00

Llama-4-maverick
Vanilla 3.64 5.17 2.97 2.89 0.97 0
Zero-shot CoT 0.21 0.04 0.03 0.11 0.01 +0.10
One-shot CoT 0.07 0.13 +0.05 0.06 +0.06 0.00
CSc +0.02 +0.19 +0.30 +0.15 +0.15 +0.15
ToT 0.52 0.22 0.09 0.14 +0.11 0.00

example (which will be fully displayed in the latest 1155

version). Additionally, we generate the complete 1156

reasoning chain through a ruled-based operation 1157

and incorporate it into the prompt. The Table 6 1158

are the results from the experiments with different 1159

numbers of examples. 1160

We found that few-shot prompting with 1-3 ex- 1161

amples produced no significant performance gains. 1162

However, performance declined when using 4-5 1163

examples. This suggests that prompting with exam- 1164

ples alone could not overcome the model’s inherent 1165

limitations in spatial transformation reasoning. 1166

Table 6: Evaluation on Inf-Bench with Different
Number of Examples in Few-shot learning. The
data represents the difference in the mean highest rank
achieved by the models after 10 ladder challenges using
the reasoning enhancement method, compared to the
baseline performance (i.e., vanilla results).

2D 2.5D 3D
Number For Inv For Inv For Inv

GPT-5
Vanilla 9.91 10.49 7.56 9.27 1.25 0.00
1 +0.58 +0.32 +0.45 +0.10 +0.01 0.00
2 +0.37 +0.26 +0.17 +0.17 0.00 0.00
3 +0.34 +0.36 -0.05 -0.15 +0.05 0.00
4 -1.02 -0.94 -1.02 -0.80 -0.04 0.00
5 -1.60 -1.30 -1.49 -1.05 -0.25 0.00

Llama-4-maverick
Vanilla 3.64 5.17 2.97 2.89 0.97 0.00
1 0.07 0.13 +0.16 +0.09 +0.19 0.00
2 0.27 0.16 0.12 0.08 +0.01 +0.02
3 +0.07 +0.21 0.01 0.13 +0.01 0.00
4 1.05 1.01 0.92 0.82 0.51 0.00
5 1.29 1.41 1.10 0.99 0.54 0.00
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C.4.3 Self-reflection.1167

A cycle mechanism of initialization, validation, and1168

correction is introduced to simulate humans’ self-1169

reflection process when solving problems. This1170

framework first generates an initial answer, then1171

interacts with external tools to validate the answer’s1172

quality, generates self-criticism, and finally refines1173

the answer based on this criticism. Given the model1174

M and input x, the initial answer is generated by1175

the prompt P:1176

ŷ0 ∼ PM (· | P ⊕ x).1177

Subsequently, the model interacts with external1178

tools to evaluate ŷi and generate criticism ci ∼1179

PM (· | P ⊕ x ⊕ ŷi, T ). These task-specific criti-1180

cisms can be used to assess various attributes of the1181

output, such as truthfulness, feasibility, or safety.1182

Finally, the model generates an improved answer1183

based on input x, previous output ŷi, and criticism1184

ci:1185

ŷi+1 ∼ PM (· | P ⊕ x⊕ ŷi ⊕ ci).1186

Criticism plays a key role in correcting errors by1187

identifying errors, providing feasible suggestions,1188

or offering reliable justifications through interac-1189

tions with external tools, guiding the new gener-1190

ation to avoid similar mistakes. This “validate-1191

correct-validate” cycle can repeat multiple times1192

until a specific stopping condition is met, such1193

as the validation process satisfying a requirement,1194

reaching the maximum number of iterations, or1195

receiving environmental feedback. The specific1196

algorithm is found in Algorithm 3.1197

C.4.4 Tool Invocation.1198

This is the most straightforward tool usage1199

paradigm, taking the form of an alternating dia-1200

logue between the language model and the tools.1201

In this framework, the model generates outputs that1202

include tool invocation requests. The system ex-1203

tracts and executes these calls and then provides1204

the results of these executions back to the model,1205

creating a dialogue loop. The specific algorithm is1206

found in Algorithm 4.1207

Here are the tools we used: Unity Integration1208

(Advanced): Provides advanced and in-depth con-1209

trol over the Unity editor, such as direct code exe-1210

cution and file access.1211

Unity3D Game Engine: Provides standard in-1212

teraction capabilities with the Unity editor, such as1213

accessing logs, running tests, and viewing hierar-1214

chical structures.1215

Algorithm 3 SELF-REFLECTION
Require: Input x, prompt ℘, model M , external

tools T = {T1, T2, . . . , Tk}, number of itera-
tions n

Ensure: Corrected output ŷ from M
1: Generate initial output ŷ0 ∼ PM (·|℘⊕ x) .

Initialization
2: for i← 0 to n− 1 do
3: Verify ŷi through interaction with T to ob-

tain critiques ci ∼ PM (·|℘⊕ x⊕ ŷi, T ) .
Verification

4: if ci indicates that ŷi is correct then .
Stopping Criteria

5: return ŷi
6: end if
7: ŷi+1 ∼ PM (·|℘⊕ x⊕ ŷi ⊕ ci) .

Correction
8: end for
9: return ŷn

Blender (by ahujasid): Allows LLMs to create, 1216

model, and operate in 3D scenes within Blender 1217

through instructions. 1218

3D-MCP / Rodin: A general-purpose 3D model 1219

context protocol designed to provide standard- 1220

ized interfaces for LLMs and various 3D software. 1221

Rodin is one of its implementations and can gener- 1222

ate 3D models. 1223

E2B (Code Sandbox): Executes AI-generated 1224

code (e.g., Python, JavaScript) in a secure cloud- 1225

based sandbox.

Algorithm 4 TOOL
Require: Input x, prompt ℘, model M , external

tools T = {T1, T2, . . . , Tk}, max steps n
Ensure: Final output y from M

1: Initialize conversation history h← ℘⊕ x
2: for i← 1 to n do
3: Generate model response ri ∼ PM (·|h)
4: if no tool call detected in ri then
5: return ri
6: end if
7: Extract tool call (tool_name, tool_input)

from ri
8: Execute tool: tool_output ←

T [tool_name](tool_input)
9: Update history: h← h⊕ri⊕ tool_output

10: end for
11: Generate final response y ∼ PM (·|h)
12: return y

1226
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C.4.5 ReAct (Reasoning and Acting).1227

Here, the model implements a cycle of thinking,1228

acting, and observing, significantly enhancing the1229

problem-solving ability of the language model. It1230

introduces two additional spaces: an action space1231

A, which contains a variety of executable opera-1232

tions, and a thinking space L, for internal reasoning1233

within the model. Unlike direct tool invocation, Re-1234

Act emphasizes explicit reasoning steps, enabling1235

the model to “think” about the following action. In1236

the ReAct framework, each iteration includes three1237

key steps:1238

1. First, the model generates a reasoning process1239

in the thinking space, outlining the problem-1240

solving approach;1241

2. Second, based on this reasoning, the model1242

decides on the appropriate action to take;1243

3. Third, it observes the result of the action and1244

integrates this information into the context.1245

This structured reasoning-action-observation cycle1246

allows the model to handle complex problems more1247

systematically, especially tasks that require multi-1248

step reasoning and tool collaboration. The specific1249

algorithm is found in Algorithm 5.1250

Algorithm 5 REACT
Require: Input x, prompt ℘, model M , external

tools T = {T1, T2, . . . , Tk}, max steps n, ac-
tion space A, language space L

Ensure: Final output y from M
1: Initialize context c1 ← ℘⊕ x
2: for i← 1 to n do
3: Generate thought ti ∼ PM (·|ci) where

ti ∈ L . Thinking
4: Update context: ci ← ci ⊕ ti
5: Generate action ai ∼ PM (·|ci) where ai ∈

A . Acting
6: if ai is a final answer then
7: return ai
8: end if
9: Execute action to get observation: oi ←

Execute(ai, T ) . Observing
10: Update context: ci+1 ← ci ⊕ ai ⊕ oi
11: end for
12: Generate final answer y ∼ PM (·|cn+1)
13: return y

D Ablation of Prompts Impact 1251

This part will provide a complete ablation analysis 1252

in this section and introduce the types of prompts 1253

involved in the experiments: 1254

Prompt 1: Rule Introduction with Text (cur- 1255

rently used prompt form, presented in the paper). 1256

This form includes detailed textual descriptions, in- 1257

troducing task rules, operational steps, and possible 1258

transformations, with the model reasoning based 1259

on these descriptions. 1260

Prompt 2: Rule Introduction with Images. In- 1261

stead of text descriptions, this prompt uses visual 1262

illustrations to display the task rules, allowing the 1263

model to directly understand task operations from 1264

the images. We aim to observe the impact of image- 1265

based prompts on reasoning performance. 1266

Prompt 3: Rule Introduction with Text and Im- 1267

ages. This multimodal prompt combines both text 1268

and images, providing both textual descriptions 1269

and images of the operations. We assess whether 1270

this combination of modalities helps improve the 1271

models reasoning ability. 1272

Prompt 4: Simplified Prompt. In this form, we 1273

provide only the most essential task instructions, 1274

removing all detailed explanations about the game 1275

background, shape encoding rules, and physical 1276

laws. We focus on how the model handles sim- 1277

plified information and evaluate its impact on the 1278

reasoning process. 1279

Prompt 5: Detailed Prompt. In this form, we 1280

provide a comprehensive textual description of 1281

each operation, offering the model full guidance. 1282

We aim to investigate whether the model can lever- 1283

age detailed task descriptions to improve reasoning 1284

accuracy. 1285

Prompt 6: Chain of Thought (CoT). We add 1286

the phrase Lets think step by step to the prompt to 1287

encourage the model to reason incrementally. We 1288

assess whether this step-by-step reasoning guid- 1289

ance helps with reasoning performance on complex 1290

tasks. 1291

Prompt 7: Few-shot Prompt. This prompt in- 1292

cludes examples with difficulty levels similar to the 1293

current task, evaluating whether few-shot prompt- 1294

ing can help the model better understand the task 1295

and improve reasoning ability. 1296

The experimental results in Figure 7 indicate that 1297

prompt adjustments did not significantly improve 1298

the model’s reasoning ability. In fact, certain sim- 1299

plified versions of the prompts actually had a detri- 1300

mental effect on performance. Specifically, when 1301
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Table 7: Evaluation on Inf-Bench with Different
Prompts. The data represents the difference in the
mean highest rank achieved by the models after 10 lad-
der challenges using the reasoning enhancement method,
compared to the baseline performance (i.e., vanilla re-
sults).

2D 2.5D 3D
For Inv For Inv For Inv

GPT-5
Vanilla 9.91 10.49 7.56 9.27 1.25 0.00
P2 -2.02 -2.51 -1.75 -1.32 -0.81 0.00
P3 -0.15 -0.54 +0.03 -0.08 -0.13 0.00
P4 -4.90 -6.08 -3.69 -5.20 -1.02 0.00
P5 -0.20 +0.51 +0.28 +0.19 +0.03 +0.11
P6 -0.16 -0.42 -0.63 +0.13 -0.22 0.00
P7 +0.56 +0.32 +0.45 +0.09 +0.01 0.00

Llama-4-maverick
Vanilla 3.64 5.17 2.97 2.89 0.97 0
P2 -1.72 -2.60 -1.55 -2.12 -0.77 0.00
P3 -0.55 -0.06 -0.23 -1.73 -0.11 +0.10
P4 -2.60 -3.82 -2.34 -2.02 -0.97 0.00
P5 +0.08 -0.08 -0.08 +0.24 +0.05 0.00
P6 -0.21 -0.04 -0.03 -0.11 -0.01 +0.10
P7 -0.07 -0.13 +0.16 +0.09 +0.19 0.00

using image-based rule introduction (Prompt 2) and1302

the simplified prompt (Prompt 4), the model’s rea-1303

soning ability declined, with lower accuracy and1304

reasoning depth. This suggests that these forms1305

were ineffective for complex spatial transformation1306

tasks. Despite attempts with detailed text prompts1307

(Prompt 5), multimodal prompts (Prompt 3), and1308

enhanced reasoning methods (Prompt 6 and 7),1309

the model’s performance on most tasks did not1310

show significant improvement. This indicates that1311

changes in the prompt did not overcome the inher-1312

ent limitations of the model in spatial reasoning,1313

reflecting the model’s lack of deep spatial reason-1314

ing capabilities.1315

These findings highlight the challenges faced by1316

VLMs in spatial reasoning, not only as a matter of1317

prompt design but also as a fundamental bottleneck1318

in the model’s ability to handle complex spatial1319

transformations, particularly in 3D tasks.1320

E More Details about Inf-Bench.1321

E.1 Shapes and Colors1322

In the Shapez game, shapes can be combined using1323

different types and colors. The shape types include1324

circles, rectangles, windmills, sectors, and stars.1325

Each shape can be represented in various colors,1326

such as red, green, blue, yellow, purple, cyan, col-1327

orless, and white. All of these are illustrated in1328

Figure 12.1329

circle star windmill rectangle

yellow white green cyan

purple uncolored blue red

Figure 12: All Shapes and Colors

E.2 Operations 1330

The action space of all the operations are shown in 1331

Figure 13. 1332

E.2.1 All Operations in 2D and 2.5D 1333

• Cutting: Removing a portion of the shape, 1334

typically by cutting off the right-side quad- 1335

rants (quadrant 1 and quadrant 2). For exam- 1336

ple, cutting a shape with four quadrants into 1337

two parts from the right side. 1338

• Clockwise Rotation 90°: Rotating all the 1339

quadrants of the shape 90°clockwise, with 1340

quadrant 1 becoming quadrant 2, quadrant 1341

2 becoming quadrant 3, quadrant 3 becoming 1342

quadrant 4, and quadrant 4 becoming quadrant 1343

1. 1344

• Counterclockwise Rotation 90°: Rotating 1345

all quadrants of the shape 90°counterclock- 1346

wise, with quadrant 1 becoming quadrant 4, 1347

quadrant 4 becoming quadrant 3, quadrant 3 1348

becoming quadrant 2, and quadrant 2 becom- 1349

ing quadrant 1. 1350

• Filling: Filling empty quadrants with a speci- 1351

fied shape, such as filling the blank quadrant 1352

with a rectangle or circle. 1353

• Mirror: Performing a horizontal mirror oper- 1354

ation on the entire shape, swapping quadrants 1355

1 and 4, and quadrants 2 and 3. The mirror 1356

operation reverses the left and right sides of 1357

the shape. 1358

• Coloring: Changing the color of all quadrants 1359

in the shape allows a new color to be applied 1360
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Figure 13: Action Space. Actions like rotation and coloring are common in 2D and 2.5D, with 2D including
“filling” and 2.5D adding “stacking.” The 3D section focuses on Rubik’s Cube rotations and movements in three
dimensions.

to the shapes in a specified layer or across all1361

layers.1362

• Stacking: This operation is primarily used1363

in the 2.5D task, where one shape layer is1364

stacked on top of another, forming a multi-1365

layered structure.1366

E.2.2 All Rotation Operations in 3D1367

Face Rotations1368

These operations rotate one of the six faces of the1369

Rubik’s Cube. Each face can be rotated clockwise,1370

counterclockwise, or by 180°.1371

• R: Rotate the right face 90°clockwise1372

• U: Rotate the upper face 90°clockwise1373

• F: Rotate the front face 90°clockwise1374

• D: Rotate the down face 90°clockwise1375

• L: Rotate the left face 90°clockwise1376

• B: Rotate the back face 90°clockwise1377

• R’: Rotate the right face 90°counterclockwise1378

• U’: Rotate the upper face 90°counterclock-1379

wise1380

• F’: Rotate the front face 90°counterclockwise1381

• D’: Rotate the down face 90°counterclock-1382

wise1383

• L’: Rotate the left face 90°counterclockwise1384

• B’: Rotate the back face 90°counterclockwise1385

• R2: Rotate the right face 180°1386

• U2: Rotate the upper face 180°1387

• F2: Rotate the front face 180°1388

• D2: Rotate the down face 180° 1389

• L2: Rotate the left face 180° 1390

• B2: Rotate the back face 180° 1391

Wide Layer Rotations 1392

These operations rotate two layers of the Rubik’s 1393

Cube at once, affecting adjacent layers. 1394

• r: Rotate the right two layers 90°clockwise 1395

• u: Rotate the upper two layers 90°clockwise 1396

• f: Rotate the front two layers 90°clockwise 1397

• d: Rotate the down two layers 90°clockwise 1398

• l: Rotate the left two layers 90°clockwise 1399

• b: Rotate the back two layers 90°clockwise 1400

• r’: Rotate the right two layers 90°counter- 1401

clockwise 1402

• u’: Rotate the upper two layers 90°counter- 1403

clockwise 1404

• f’: Rotate the front two layers 90°counter- 1405

clockwise 1406

• d’: Rotate the down two layers 90°counter- 1407

clockwise 1408

• l’: Rotate the left two layers 90°counterclock- 1409

wise 1410

• b’: Rotate the back two layers 90°counter- 1411

clockwise 1412

• r2: Rotate the right two layers 180° 1413

• u2: Rotate the upper two layers 180° 1414

• f2: Rotate the front two layers 180° 1415
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• d2: Rotate the down two layers 180°1416

• l2: Rotate the left two layers 180°1417

• b2: Rotate the back two layers 180°1418

Middle Layer Rotations1419

These operations rotate the middle layers of the1420

Rubik’s Cube, affecting rotations between faces.1421

• M: Rotate the middle layer between the left1422

and right faces 90°clockwise1423

• S: Rotate the middle layer between the front1424

and back faces 90°clockwise1425

• E: Rotate the middle layer between the top1426

and bottom faces 90°clockwise1427

• M’: Rotate the middle layer between the left1428

and right faces 90°counterclockwise1429

• S’: Rotate the middle layer between the front1430

and back faces 90°counterclockwise1431

• E’: Rotate the middle layer between the top1432

and bottom faces 90°counterclockwise1433

• M2: Rotate the middle layer between the left1434

and right faces 180°1435

• S2: Rotate the middle layer between the front1436

and back faces 180°1437

• E2: Rotate the middle layer between the top1438

and bottom faces 180°1439
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