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Abstract

Recent advancements in Spatial Intelligence
(SI) have predominantly relied on Vision-
Language Models (VLMs), yet a critical ques-
tion remains: does spatial understanding origi-
nate from visual encoders or the fundamental
reasoning backbone? Inspired by this ques-
tion, we introduce SiT-Bench, a novel bench-
mark designed to evaluate the SI performance
of Large Language Models (LLMs) without
pixel-level input, comprises over 3,800 expert-
annotated items across five primary categories
and 17 subtasks, ranging from egocentric navi-
gation and perspective transformation to fine-
grained robotic manipulation. By convert-
ing single/multi-view scenes into high-fidelity,
coordinate-aware textual descriptions, we chal-
lenge LLMs to perform symbolic textual rea-
soning rather than visual pattern matching.
Evaluation results of state-of-the-art (SOTA)
LLMs reveals that while models achieve profi-
ciency in localized semantic tasks, a significant
“spatial gap" remains in global consistency. No-
tably, we find that explicit spatial reasoning
significantly boosts performance, suggesting
that LLMs possess latent world-modeling po-
tential. Our proposed dataset SiT-Bench serves
as a foundational resource to foster the devel-
opment of spatially-grounded LLM backbones
for future VLMs and embodied agents. Our
code and benchmark will be released at https:
//github.com/binisalegend/SiT-Bench.

1 Introduction

Spatial Intelligence (SI)—the ability to perceive,
reason about, and interact with the physical world,
is a foundational pillar of Embodied Artificial In-
telligence (Lin et al., 2025; Yang et al., 2025b,
2024b; Yin et al., 2025a; Zheng et al., 2025b). Re-
cent breakthroughs in Vision-Language Models
(VLMs) (Bai et al., 2025; OpenAl, 2025; Google,
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2025b; Anthropic, 2025) as well as series of spatial-
enhanced models (Fan et al., 2025; Wu et al., 2025;
Guo et al., 2025b) have significantly advanced the
field, enabling robotic agents to perform complex
tasks ranging from semantic navigation to deli-
cate object manipulation (Song et al., 2025; Team
et al., 2025b). However, these models are typi-
cally evaluated on end-to-end visual benchmarks
where the synergy between visual perception and
linguistic reasoning is treated as a unified capabil-
ity (Yang et al., 2024b; Stogiannidis et al., 2025;
Zhang et al., 2025a). This coupling masks a funda-
mental question: Does spatial intelligence truly
originate from the internal reasoning backbone,
or is it merely an artifact of sophisticated pat-
tern matching within the visual encoder?

Understanding this distinction is critical for
characterizing the symbolic reasoning capacity of
Large Language Models (LLMs). In cognitive sci-
ence, spatial reasoning is often considered a modal-
independent process (Jia et al., 2025), humans can
construct rich mental maps based solely on lin-
guistic descriptions, such as global perception and
mapping (Markostamou et al., 2024). Recent stud-
ies on multi-view reasoning further support this
LLM backbone centric view: while explicit visual
enhancements like view interpolation fail to sig-
nificantly boost VLM performance, enabling free-
form textual reasoning or intermediate cognitive
mapping leads to substantial improvements (Yin
et al., 2025a). This suggests that for complex spa-
tial understanding, “thinking" in structured sym-
bolic language is more effective than “seeing" more
pixels. Meanwhile, research on “language priors"
reveals that many VLMs achieve high scores by
exploiting linguistic statistical regularities rather
than true visual grounding (Lin et al., 2024). Con-
sequently, if LLMs are to serve as the foundational
reasoning engines for future multi-modal systems,
they must possess an intrinsic spatial logic capable
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Benchmark Input Task Data Anno. Data  Spatial
Modality  Categories Domain Method  Scale QAs
RoboSpatial (Song et al., 2025) \Y% 4 Indoor, Tabletop Template IM 3M
VSI-Bench (Yang et al., 2024b) v 8 Indoor Template 1387 5K
Ego3D-Bench (Gholami et al., 2025) \% 5 Outdoor Template - 8.6K
BLINK-Spatial (Fu et al., 2024) \Y% 14 MSCOCO Manual 286 286
SpatialEval (Wang et al., 2024) V+T 4 Maze,Grid,Real Template - 4.6K
FloorplanQA (Rodionov et al., 2025) T 3 Floor Plans Template 2000 16K
RoomSpace (Li et al., 2024) T 3 Virtual Indoor Template 10K 10K
Indoor, Outdor
SiT-Bench (Ours) T 17 Embodied, Gaming Manual 2.6K 39K

FloorPlan, Tabletop

Table 1: Comparison of SiT-Bench with existing spatial reasoning benchmarks. Our benchmark is the first to
provide a large-scale, high-fidelity textual environment that fully decouples spatial cognition from visual perception

across the most diverse set of subtasks.

of manipulating abstract representations indepen-
dent of immediate visual input.

To bridge this gap, we introduce Spatial-in-Text
(SiT-Bench), a novel and comprehensive bench-
mark designed to disentangle spatial cognition
from visual perception. By evaluating in a vision-
ablated, coordinate-aware textual setting, we chal-
lenge LLMs to perform pure symbolic geometric
reasoning, rigorously determine whether a model
possesses genuine internal world model or is sim-
ply relying on superficial patterns. As shown in
Table 1, SiT-Bench represents a significant leap in
scale and diversity compared to previous attempts
at textual spatial evaluation, comprising over 3,800
expert-annotated items across five primary cate-
gories and 17 subtasks: from egocentric naviga-
tion to multi-view perspective stitching, providing
a ceiling of spatial intelligence in the post-VLM
era (Chen et al., 2025).

Our extensive evaluation of state-of-the-art
(SOTA) LLMs reveals nuanced landscape of cur-
rent spatial capabilities. While modern LLMs
demonstrate proficiency in localized semantic
tasks, such as identifying immediate neighbor rela-
tions, they exhibit a profound “spatial gap" when
challenged with global consistency and complex
coordinate transformations. Crucially, our findings
indicate that the explicit spatial reasoning (e.g.,
Chain-of-Thought (CoT) (Wei et al., 2022)) signif-
icantly enhances model performance, suggesting
that LLMs possess a notable potential for world
modeling that remains underutilized in vanilla
prompting.

The main contributions of this work can be
summarized as follows:

* We introduce SiT-Bench, a large-scale, high-
fidelity textual benchmark comprising over 3,800

tailored questions across 5 primary categories (in-
cluding global perception, embodied tasks, etc.)
and 17 diverse subtasks, which decouples spa-
tial reasoning from visual perception, providing
a systematic quantitative assessment of LLMs’
spatial reasoning capabilities.

* We provide a rigorous evaluation of current
SOTA LLMs on SiT-Bench, identify key error
patterns in pure-text spatial reasoning, providing
empirival insights which can help community de-
velop more reliable LLM backbones for VLMs
and embodied applications.

* The findings in this work uncover the key bottle-
necks in achieving genuine SI, providing valu-
able insights for developing advanced models
with stronger spatial intelligence.

2 SiT-Bench: A Textual-Spatial
Reasoning Benchmark

In this section, we present detailed tasks design
and construction pipeline of SiT-Bench. The task
samples and constrution pipeline is depicted in
Figure 1 and 2.

2.1 Task Taxonomy and Design

We Propose 17 tasks in total, each targeting a dis-
tinct facet of spatial cognition, divided these tasks
into 5 primary dimensions: Global Perception &
Mapping, Navigation & Planning, Multi-View &
Geometric Reasoning, Embodied & Fine-grained
Perception and Logic & Anomaly Detection.
Global Perception & Mapping

This dimension evaluates the model’s ability to
synthesize fragmented and ego-centric textual cues
into a coherent global "mental map". It requires
integrating information across wide-angle views
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Caption: [North] A person stands on the
left shoulder of the road near a white
van... [East] ... [South] ... [West] Further
right of the image, a white van is
parked near a blue and red container
structure and a person in dark
clothing stands on the roadside near
more bare frees.

Question: How many people are
visible in this scene?

Answer: 1

Retionale: The pedestrian appearing
on the left side of the north-facing
view is the same person as the
pedestrian appearing on the right
%of the west-facing view.

Geometric Reasoning:
Perspective Shift
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Caption: From the driver's perspective at night, a white SUV is
positioned 12m ahead and 0.5m to the right, stopped at a red light. A
black sedan is 15m ahead and 4m to the right, partially in the
adjacent lane. A motorcyclist is 20m ahead and 8m to the left, near
the curb. The Arcadius building looms 30m ahead and 12m to the
left, its illuminated sign visible above street level. A ho-U-turn sign
stands 8m ahead and 2m to the left of the vehicle's centerline.
Question: If the vehicle rotates 90 degrees clockwise around its
vertical axis (yaw), which object will now appear closest to the new

mb_odied . Action Prediction

Caption: [A] The aperture between the
gripper tips is approximately 15mm wider than
the object’s lateral width.. [B]...[C]...[D]...

Question: Given a caption of the initial
state of a system with robotic arms and
objects, predict the final state after

both robotic arms successfully and
simultaneously lift the object. /

nswer: D
Navigation: Motion Perception

Caption: [Front]...[Front Left]...[Front
Right]...[Back]...[Back Left]...[Back Right]...

Question: The front view corresponds
to the north direction. If the ego car
moves 2 meters east while all other
objects remain stationary, does the
ego car get closer to the pedestrian

forward vector (+X direction)?

Answer: B. The black sedan

with black backpack at the corner in
the front right view?
Answer: A. Yes

Figure 1: Tasks Demonstration of SiT-Bench. Several representative subtasks are selected for demonstration in
each of task categories. Note: The images shown are for illustrative purposes only to aid understanding; the actual
evaluation uses only textual input without any visual data. The questions and captions above are slightly simplified

for clarity and conciseness.

or sequential observations to perform Panoramic
Counting and Scene Layout Reasoning. A key in-
novation is the Cognitive Mapping task, inspired
by VSI-Bench (Yang et al., 2024b) and Mind-
Cube (Yin et al., 2025a), which challenges models
to reconstruct unstructured textual navigation logs
into structured spatial representations, such as 2D
grid layouts or JSON-formatted topological maps.

Navigation & Planning

Focusing on egocentric decision-making, this cat-
egory probes the model’s capacity for dynamic
orientation and long-horizon pathfinding. Utiliz-
ing high-fidelity simulated street-view and indoor
data, models must execute Qutdoor Navigation by
predicting view changes after specific maneuvers.
Furthermore, it assesses Path Planning Logic and
Motion Perception, requiring the model to infer

movement vectors (e.g., ego-car displacement) and
maintain spatial awareness under continuous coor-
dinate shifts.

Multi-View & Geometric Reasoning

As the core module of SiT-Bench, this dimen-
sion necessitates rigorous 3D geometric modeling
and coordinate transformations. Tasks transcend
simple semantic matching by requiring Perspec-
tive Shifts (reasoning from a non-observer POV)
and Pure Mental Rotation of abstract coordinates.
Additionally, it incorporates Spatial Puzzles (e.g.,
LEGO assembly) and View Consistency tests to
evaluate the understanding of part-whole topolog-
ical relationships and rotation invariance across
arbitrary vertical and horizontal axes.

Embodied & Fine-grained Perception
This category bridges the gap between abstract
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Figure 2: Benchmark curation pipeline. The pipeline consists of two parallel paths: Path A generates QA pairs
from scratch by collecting diverse scene images (robotic manipulation, urban streets, indoor spaces, simulations),
applying GPT-40 quality scoring to filter spatially complex samples, and guiding VLMs to produce spatial
QA pairs. Path B adapts existing vision benchmarks by selecting tasks solvable via pure text (e.g., multi-view
reasoning, orientation), captioning their images, and filtering out tasks requiring absolute metrics. Both paths
undergo DeepSeek-R1 automated filtering to eliminate data leakage (e.g., direct counting) and caption-uninferrable
questions, followed by expert review with R1-CoT rationales to finalize 3,800 high-quality samples.

reasoning and physical interaction by testing sen-
sitivity to micro-spatial relationships and contact
physics. It encompasses Hand-Object Interaction
geometry, Relative Depth & Distance estimation,
and Fine-grained State Tracking. Critically, the Ac-
tion Prediction task requires models to predict the
physical outcomes of robotic interventions (e.g.,
the success of a dual-arm lift) based on precise
spatial configurations and gripper kinematics.
Logic & Anomaly Detection

To verify the internal consistency of the model’s
world model, this dimension assesses adherence
to fundamental spatial axioms. Through Object
Permanence challenges, models must identify logi-
cal contradictions or "hallucinated" entities across
disjoint viewpoints. Coupled with Direction Judge-
ment involving cardinal orientations, we ensures
model’s spatial reasoning is grounded in physical
reality rather than mere linguistic probability.

2.2 Benchmark Construction Pipeline

We propose a robust, multi-stage pipeline to
ensure high data quality and eliminate modality-
specific biases (see Figure 2). The construction is
divided into two parallel paths:

Path A: From-Scratch Generation. We collect
a diverse set of raw images spanning four major do-
mains: Robotic Manipulation (Yang et al., 2025a),
Residential Floor Plans (Abouagour and Garyfal-
lidis, 2025), Open-World Game Scenes (Richter
et al., 2016), and Simulated Environments (Gao
et al.). We first employ GPT-40 to perform Spatial
Quality Scoring, filtering out images with low com-
plexity or insufficient spatial depth. Remaining
high-quality images are used to guide VLMs (Bai
et al., 2025) in generating location/direction-aware
captions and corresponding spatial QA pairs.

Path B: Vision-Bench Adaptation. To compare
LLM reasoning directly with visual perception,
we select established vision-based benchmarks
(e.g., CoSpace (Zhu et al., 2025b), ViewSpatial-
Bench (Li et al., 2025) and Ego3D-Bench (Gho-
lami et al., 2025)). We carefully filter task types
that can be solved through pure textual reason-
ing—such as multi-view counting, orientation per-
ception, and relative spatial relationships, while
excluding tasks that require absolute visual mea-
surements (e.g., absolute distance or object size
estimation). We then convert the visual evidence
into dense, symbolic textual descriptions, which
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allows us to assess the “spatial gap" between LLM
backbones and their VLM counterparts on identical
logical tasks.

Quality Control and Reasoning-Aware Filtering.
Both paths converge into a rigorous two-phase ver-
ification process:

* Phase 1: DeepSeek-R1 Automated Filtering.
We leverage DeepSeek-R1’s (Guo et al., 2025a)
advanced reasoning capabilities to perform sys-
tematic quality control. For each candidate QA
pair, R1 generates a detailed justification explain-
ing whether the sample should be retained or
discarded based on multiple filtering criteria, in-
cluding data leakage detection (e.g., answers
derivable through trivial counting or keyword
matching, which directly appears in scene cap-
tions), caption sufficiency (ensuring all required
information is explicitly present without visual
hallucination), logical consistency with geomet-
ric axioms, and reasoning depth requirements.
The complete filtering protocol and R1 prompt
templates are provided in Appendix A.4.

* Phase 2: Human Experts & R1-CoT Review.
Finally, human experts, assisted by R1’s CoT ra-
tionales, review each item. We analyze whether
the reasoning process is logically sound and ge-
ometrically valid. This human-in-the-loop ap-
proach ensures the final 3,800+ samples are of
professional-grade accuracy.

2.3 Dataset Statistics and Diversity

SiT-Bench comprises 3,892 samples distributed
across five major categories and 17 fine-grained
subtasks (see Figure 1). The distribution is as fol-
lows: Navigation & Planning (23.1%, 900 sam-
ples) focuses on outdoor navigation, ego/object-
motion perception, and path planning logic; Em-
bodied & Fine-grained (28.4%, 1,105 samples)
covers hand-object interaction, robotic action
prediction, depth/distance perception, and fine-
grained state tracking; Multi-View & Geomet-
ric Reasoning (21.5%, 836 samples) includes
real-world QA, spatial puzzles, pure mental rota-
tion, view consistency, and perspective shift tasks;
Global Perception & Mapping (15.4%, 601 sam-
ples) evaluates panoramic counting, scene layout
reasoning, and cognitive mapping; and Logic De-
tection (11.6%, 450 samples) tests direction judge-
ment and object permanence. By providing explicit
distances (m), angular offsets (°), and egocentric

orientations, SiT-Bench serves as a reproducible
and challenging testbed for the next generation of
spatially-grounded LLMs.

3 Experiments

3.1 Implementation Details

We conduct a comprehensive evaluation of state-
of-the-art LLMs and VLMs across diverse model
families, ranging from compact 3B-parameter mod-
els to large-scale models with hundreds of bil-
lions of parameters, to assess their spatial rea-
soning capabilities on SiT-Bench. Our evalu-
ation encompasses both proprietary and open-
source solutions. For proprietary models and
large-scale models (more than 100B params), we
evaluate GPT-40 (Hurst et al., 2024), Gemini-3.0-
Flash (Google, 2025a) and DeepSeek-V3.2 (Liu
et al., 2025). For open-source models, we as-
sess leading VLMs including Qwen2.5/3-VL (Bai
et al., 2025), InternVL3 (Zhu et al., 2025a), In-
ternVL3.5 (Wang et al., 2025) and LLaVA-1.5 (Liu
et al., 2024), as well as their corresponding LLM
backbones (Qwen2.5/3 (Yang et al., 2024a) and
Llama3.1 (Grattafiori et al., 2024)) to directly com-
pare visual perception with pure textual reasoning
capabilities. For model series which have reason-
ing abilities, we evaluate both their non-thinking
mode and thinking mode to investigate whether
chain-of-thought reasoning can improve spatial rea-
soning from visual inputs. Additional evaluations
of larger parameter variants within these model
families are provided in Appendix A.8.

We include models specifically designed for
spatial reasoning: Space-Qwen and Space-
Thinker (Chen et al., 2024), Robobrain2.0 (Team
et al., 2025a), SpaceR (Ouyang et al., 2025), and
Cosmos-Reason2 (Azzolini et al., 2025). These
models serve as important baselines to understand
whether domain-specific architectural designs,
training strategies or specific training datasets pro-
vide advantages over general-purpose models.

Evaluation Protocol. Most tasks in SiT-Bench
are presented in a multiple-choice format, while the
Cognitive Map subtask requires structured json out-
put matching. We provide random choice baseline
scores in our evaluation tables for reference. For
multiple-choice tasks, we measure each model’s ac-
curacy by directly comparing the model’s selected
answer with the ground truth. For models with
thinking modes, we allow them to generate reason-
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DeepSeck-V3.2 (Liu et al., 2025) 22 37.06| 1968 1350 2924 330 | 4989 1967 $7.00 6060 | 4665  93.33 3800 33.05 3600 7200| 3367 2950 39.34 3800 2000| 25.11 21.50 28.00
-thinking 10 43.74 22.02 16.50 32.89 0.33 61.22 12.00 86.00 85.80 53.71 97.78 37.00 47.29 37.00 80.00 32.76 1325 55.08 37.33 29.00 4622 63.00 32.80
Gemini-3-Flash-preview (Google, 20252) | 2 | 5946| 3566 4450 3887 834 7011 47.00 89.00 92.80 68.54 9630 50.50 72.65 4500 8400 5131 | 2775 6525 7667 27.00 5911 61.00 57.60
Open-Source Models / 100B- Models
LlaVA-1.5-7B (Liu et al., 2024) 31 3053 29.18 28.00 39.53 0.34 39.33 16.33 95.00 42.00 29.78 28.89 31.00 31.91 25.00 22.00 25.52 23.25 30.16 2233 30.00| 28.44 2250 33.20
Llama-3.1-8B (Grattafiori etal, 2024) |27 3478 | 1428 1500 1794 182 | 4511 1700 7100 5680 | 3660  88.15 31.50 2194 27.00 40.00| 3973 5175 3443 3133 33.00| 2600 1950 31.20
InternVL3-2B (Zhu et al., 2025a) 29 3392 20.68 16.50 29.90 1.28 42.67 18.00 87.00 48.60 39.59 87.41 32.00 30.48 24.00 36.00 31.22 6.75 3639 24.67 13.00| 30.22 2250 36.40
InternVL3-8B (Zhu et al., 20252) 20 3842| 2268 1350 3588 129 | 3500 1033 7100 4260 | 4641 9333 3350 38.18 27.00 68.00| 47.06 5375 46.56 4333 33.00| 3022 29.00 31.20
InternVL3.5-4B (Wang et al., 2025) 17 39.95 25.79 15.00 40.20 4.01 47.44 17.67 88.00 57.20 44.50 95.56 35.50 32.48 28.00 60.00 38.73 36.50 4393 38.00 34.00| 38.44 46.50 32.00
~thinking 18 3898| 2214 1750 3223 104 | 4700 2133 7700 5640 | 4043 9333 3000 27.92 23.00 62.00| 3810 3625 4852 30.33 37.00| 4489 57.00 3520
InternVL3.5-8B (Wang et al., 2025) 124327 26.14 18.50 38.87 3.09 49.78 19.33 90.00  60.00 44.26 94.81 34.50 33.05 26.00 62.00 48.78 48.00 5246 49.33 39.00| 37.78 45.50 31.60
~thinking 4 4643|1865 1450 2724 107 6200 2433 8500 80.00 | 5287 9630 39.00 4672 28.00 8400| 4561 4275 57.05 4400 27.00| 4244 5250 3440
Qwen2.5-3B (Yang et al., 2024a) 26 34.81 27.93 19.50 4252 0.83 4544 15.67 75.00 57.40 35.05 83.70 32.50 19.66 32.00 28.00 32.85 29.25 38.03 36.00 22.00| 27.11 18.00 34.40
Qwen2.5-72B (Yang et al., 2024a) 13 4257| 1428 1500 1794 184 | 50.56 2633 90.00 5720 | 5323 9556 30.50 4843 35.00 6400 4715 3675 4361 70.00 31.00| 3333 3200 3440
Qwen2.5-VL-3B (Bai et al., 2025) 25 3554 21.49 10.00 3522 3.17 40.89 11.33 79.00 51.00 40.55 91.85 36.50 27.07 27.00 40.00 39.10 48.00 33.44 3400 36.00| 25.56 18.00 31.60
Qwen2.5-VL-72B (Bai et al., 2025) 8 4545| 1929 1300 2890 294 | 5567 3333 89.00 6240 5347 95.56 3650 4843 3800 74.00| 4959 3300 5279 7600 27.00| 3489 4750 24.80
Qwen3-4B (Yang et al., 2024a) 28 34.68 12.44 16.00 1329 2.76 45.89 20.33 84.00 53.60 43.06 87.41 37.50 34.76 25.00 40.00 3457 38.25 36.07 29.67 30.00| 26.67 20.00 32.00
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SpaceR-7B (Ouyang et al., 2025) 23 3642| 1940 1250 2791 760 4422 1333 7200 5720 | 4390 9333 36.50 29.91 3300 60.00| 37.56 3775 44.59 3267 3000| 2689 31.50 23.20
Cosmos-Reason2-8B (Azzolini et al., 2025) | 15 = 42.13 20.59 1450 3123 0.76 47.89 21.00 89.00 55.80 50.00 92.59 33.00 49.86 23.00 58.00 43.98 37.50 4426 56.67 31.00 4022 49.00 33.20

Table 2: Performance of different models on SiT bench. The highest and second-highest in each category are
highlighted with lightred and light yellow , respectively.

ing traces before producing the final answer, fol-
lowing their default inference protocols. Concrete
implement parameters are shown in Appendix A.5.

3.2 Main Results

As shown in Table 2, we present a comprehen-
sive evaluation of various LLMs/VLMs on SiT-
Bench. The results reveal a substantial gap be-
tween human-level performance and current state-
of-the-art models, underscoring the challenging
nature of our benchmark for spatial reasoning.

Overall Performance and the Human Gap.
Among all evaluated models, Gemini-3-Flash
achieves the strongest performance of 59.46%,
significantly outperforming other proprietary
and open-source alternatives. Qwen3-VL-32B-
thinking follows with an average accuracy of
51.06%, leads among open-source models. De-
spite these strong results, a significant gap remains
compared to the Human Level (74.42%). No-
tably, while humans excel in tasks requiring global
consistency like Panoramic Counting (73.42%)
and Outdoor Navigation (64.67%), even the best-
performing models struggle to achieve 10% accu-
racy in Cognitive Mapping (best: Gemini think-
ing at 8.34%, vs. Human at 26.44%), suggesting
that high-level topological reconstruction remains

a formidable challenge for current Al

Scaling vs. Reasoning Backbone. Analysis
across model scales indicates that while pa-
rameter scaling generally improves performance
(e.g., Qwen2.5-3B at 34.81% vs. Qwen2.5-72B
42.57%), it is not the sole determinant of spatial
intelligence. Notably, almost all reasoning-enabled
models exhibit significant performance gains when
thinking mode is activated. For example, Qwen3-
VL-32B improves from 45.9% to 51.06%, and
Qwen3-8B jumps from 37.91% to 45.04% with
thinking enabled. More strikingly, smaller mod-
els with thinking capabilities can surpass much
larger models without explicit reasoning: the 32B
Qwen3-VL-thinking (51.06%) significantly outper-
forms the much larger DeepSeek-V3.2 (37.06%),
despite the latter having substantially more param-
eters. This indicates that explicit chain-of-thought
reasoning is more effective than brute-force scaling
for complex spatial reasoning tasks.

Performance Across Task Categories. A clear

hierarchy of task difficulty emerges:

* High-Level Semantics: Tasks like Real-world
QA show highest scores, with models leveraging
linguistic priors effectively.

¢ Geometric Transformations: Perspective Shift
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and Mental Rotation see a sharp decline, where
models must perform explicit coordinate-frame
transformations.

* Global Consistency: Cognitive Mapping and
Panoramic Counting remain the most difficult,
as they require the persistent maintenance of an
internal "world model" to resolve entity overlaps
across viewpoints.

Random Baseline Comparison. The random
baseline achieves 27.3% average accuracy. While
all models exceed this baseline, the margins for
challenging subtasks like Cognitive Mapping and
Scene Layout Reasoning remain concerningly
small, indicating that models may rely on superfi-
cial patterns rather than genuine spatial reasoning
for these tasks. These results collectively demon-
strate that despite rapid progress in multimodal Al,
achieving human-level spatial intelligence remains
an open challenge requiring fundamental advances
in geometric reasoning, mental simulation, and
embodied understanding.

3.3 Experimental Analysis

Visual Grounding Enhances Spatial Under-
standing in LLM Backbones. One finding is
that VLMs consistently outperform their pure
LLM backbones even in this vision-ablated tex-
tual benchmark. For example, Qwen2.5-VL-72B
(45.45%) surpasses Qwen2.5-72B (42.57%), and
Qwen3-VL-8B (42.10%) outperforms Qwen3-8B
(37.91%). This suggests that exposure to vi-
sual information during VLM training helps the
LLM backbone develop a better understanding of
real-world spatial relationships. The multimodal
training process, through seeing millions of im-
ages, effectively “bakes” spatial priors into the lan-
guage weights, providing the model with a more
grounded "spatial vocabulary" (eg. relative direc-
tion) and improved comprehension of perspective-
dependent descriptions—capabilities it can lever-
age even when visual inputs are removed.

The Emergence of Explicit Spatial Reasoning.
The transition from "non-thinking" to "thinking"
modes provides the most substantial performance
leap. As seen in Qwen3-8B, the score signifi-
cantly increases from 37.91% to 45.04% (+7.13%).
Qualitative analysis about the reasoning traces of
Gemini-3-Flash in Fig 3 reveals that reasoning-
enabled models explicitly simulate spatial ax-
ioms. For example, in Panoramic Counting, a cor-

rect Gemini-thinking trace explicitly noted: "Mixer
at middle of North View maybe the same one at
left of East View." Conversely, incorrect traces of-
ten fail due to "arithmetic-spatial hallucinations",
where the model correctly identifies entity over-
laps but miscalculates the final sum or the exact
coordinate offset.

Underperformance of Specialized Spatial Mod-
els. A surprising result is that specialized spa-
tial models (e.g., Robobrain2.0, SpaceR, Space-
Thinker) generally perform worse than, or only
comparable to, general-purpose LLMs/VLMs of
the same scale. For example, Cosmos-Reason2-8B
(42.13%) is outperformed by the general-purpose
Qwen3-VL-8B (45.66%). This phenomenon con-
tradicts the conventional wisdom that domain-
specific fine-tuning is superior. The reason could
be that: (i) spatial-specific datasets may be too
narrow or template-reliant, causing the model to
lose the general reasoning flexibility required for
SiT-Bench’s diverse scenarios; (ii) spatial train-
ing might lead to "catastrophic forgetting" of the
broad linguistic common sense needed to parse
high-fidelity textual descriptions.

Decoupling Perception and Reasoning. The
disparity between VLM performance on SiT-
Bench and traditional vision benchmarks provides
new insights into the nature of spatial intelligence.
High scores on vision benchmarks may be inflated
by visual pattern matching. Our benchmark demon-
strates that when the reasoning component is iso-
lated and tested independently, even SOTA models
encounter performance ceiling. This underscores
that current spatial intelligence remains heavily
perception-reliant, and building a truly cognitive
“World Model” requires a fundamental shift toward
internal symbolic manipulation of spatial repre-
sentations, a capability that reasoning-augmented
models (e.g., Gemini-3-Flash-thinking and Qwen3-
thinking) are only beginning to exhibit. These find-
ings suggest that future research should prioritize
the development of explicit spatial reasoning mech-
anisms within language models, rather than relying
solely on scaling visual encoders. SiT-Bench pro-
vides a principled framework for tracking progress
along this dimension, enabling the community to
systematically evaluate advances in the cognitive
foundations of spatial intelligence.
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South |

Question: How many vehicles are visible in this scene?

1. Analyze Image 1 (North):
Red cement mixer (center - North)
Vehicles identified: Mixer (North).
2. Analyze Image 2: Wait: Image 1 had an mixer in the North.
Red cement mixer (far left)
These are likely the same mixer.
Vehicles identified: mixer (North), Silver sedan (East) SUV (East/South-East).

5. Consolidate the vehicles:
Vehicle 1: Silver sedan (West) - from Image 1 (far left).
Vehicle 2: Red cement mixer (North) - from Image 1 (center), Image 2 (far left),
Vehicle 3: Black/Dark SUV (East/South-East) - from Image 2 (right).
Vehicle 4: Silver sedan (East) - from Image 2 (center), Image 3 (far left).
Total distinct vehicles: 4.

1. Analyze Image 1 (North):

Image 2 has an mixer on the left of image (North-East). 2. Anglyze Image 2 (West):

Motorcycle 1 (M1): Black, far left, near metal railing, yellow bicycle, and leafless tree.
Motorcycle 2 (M2): Dark-colored, behind the tree. )
Motorcycle 3 (M3): Near yellow-and-black traffic cones, further right. Missed
Total in Image 1: 3 motorcycles. /
Motorcycle 4 (M4): Black, rear rack, near a silver sedan and bollards (left).
Motorcycle 2 (M2): Black, next to a leafless tree (right side).
Motorcycle 1 (M1): "Another dark two-wheeler" beside yellow bicycle and the tree (right).
Total in Image 2: 3 motorcycles (M4, M2, M1).

5. Consolidate and Count:

North-West Corner: M1 and M2 are mentioned in both Image 1 (left) and Image 2 (right).
North-East Corner: M3 is mentioned in Image 1 (right).
South-East Corner: No motorcycles mentioned.

Total count = 3.

Figure 3: The simplified thought process examples of Gemini-3-Flash. Complete reasoning process in Appendix A.6

3.4 Decoupling Reasoning from Perception

To address the concern that our benchmark
might conflate reasoning ability with caption qual-
ity, we conduct two critical analyses to verify the
sufficiency of our textual descriptions and the na-
ture of model failures.

3.4.1 Vision Modality Upper Bound

We evaluate the full subset of 3,707 items (con-
taining source images) under a “Vision-Only” set-
ting using Gemini-3-Flash. As shown in Table 3,
when models are provided with the original raw
images (where all visual details are perfectly pre-
served), the performance improvement is marginal
(+1.74% overall). This consistently small gap
across all task categories demonstrates that our
textual descriptions faithfully encode the necessary
spatial constraints. The performance bottleneck
lies in the fundamental geometric reasoning of the
LLM backbones rather than modality loss.

GP&M N&P M&G E&F L&A
35.66 77.11 6854 5131 59.11
37.82 78.10 70.44 53.21 60.03
+2.16 +0.99 +1.90 +1.90 +0.92

Input Modality | Avg.
Text (SiT-Bench) | 59.46
Vision (Original) | 61.20
Gap +1.74

Table 3: Modality Upper Bound Analysis. GP&M:
Global Perception & Mapping, N&P: Navigation &
Planning, M&G: Multi-View & Geometric, E&F: Em-
bodied & Fine-grained, L&A: Logic & Anomaly.

3.4.2 Fine-grained Error Taxonomy

We conduct a manual audit of 150 randomly
sampled failure cases from Gemini-3-Flash to an-

alyze the source of errors. We categorize the er-
rors into five types: (1) Coordinate/Math Error
(35.3%): miscalculating rotations or steps; (2) Spa-
tial Hallucination (25.3%): imagining relations
contradicting the text; (3) Cross-view Alignment
(18.0%): failing to track entities across perspec-
tives; (4) Constraint Violation (12.7%): violat-
ing task physics; (5) Caption Under-specification
(8.7%): ambiguous text. Crucially, less than 9% of
failures are attributable to caption deficiency, while
over 60% stem from the inability to perform reli-
able numerical and symbolic spatial computation
on the text backbone. This confirms that SiT-Bench
primarily measures spatial reasoning rather than
input noise.

4 Related Work

Enhancing Spatial Reasoning in VLMs. Spa-
tial intelligence refers to the cognitive ability to
perceive, represent, and reason about spatial re-
lationships, object configurations, and geomet-
ric transformations (Yang et al., 2024b). Recent
research has made significant strides in improv-
ing the spatial capabilities of Vision-Language
Models. SpatialRGPT (Cheng et al., 2024) and
SpatialBot (Cai et al., 2024) injected depth and
region-level 3D features into vision encoders to
improve relational judgments. More recently, in-
cluding MM-Spatial (Daxberger et al., 2025) and
Video-3D LLM (Zheng et al., 2025a), integrated
3D reconstruction with video modeling to unify
the representation spaces of frames, point clouds,
and text. These approaches established an essen-
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tial foundation for spatio-temporal 3D understand-
ing. Specialized models like Robobrain2.0 (Team
et al., 2025a), SpaceR (Ouyang et al., 2025), and
Cosmos-Reason series (Azzolini et al., 2025) have
been developed with explicit spatial training ob-
jectives. However, as our experimental analysis
reveals, it remains unclear whether these improve-
ments stem from enhanced visual feature extrac-
tion or genuine advances in the underlying spatial
reasoning of the language backbone.

Benchmarking Spatial Capabilities. Several
benchmarks have been proposed to evalu-
ate spatial perception in multimodal models.
VSI-Bench (Yang et al.,, 2024b) and View-
SpatialBench (Li et al., 2025) focus on multi-view,
video consistency and object localization, while
Cambrian-S (Yang et al., 2025b) explores spatial
scaling laws of VLMs. However, these bench-
marks are intrinsically tied to visual perception,
making it difficult to isolate the reasoning com-
ponent from perceptual pattern matching. Ex-
isting text-only spatial evaluations, such as Res-
plan (Abouagour and Garyfallidis, 2025) and Floor-
planQA (Rodionov et al., 2025) or basic naviga-
tion tasks in BigBench (Srivastava et al., 2023),
rely on overly simplified 2D grids that fail to cap-
ture the complexity of real-world spatial reason-
ing. To our knowledge, there lacks a comprehen-
sive benchmark that evaluates spatial intelligence
purely through high-fidelity textual descriptions.
SiT-Bench fills this gap by introducing coordinate-
aware 3D descriptions across 17 diverse subtasks,
enabling rigorous assessment of the symbolic spa-
tial reasoning capabilities within LL.Ms.

5 Conclusions

In this paper, we introduced SiT-Bench, a large-
scale, high-fidelity textual benchmark designed to
disentangle spatial cognition from visual percep-
tion. By evaluating SOTA models on 3,800+ sam-
ples across 17 subtasks, we provided a rigorous
assessment of the "reasoning backbone" that pow-
ers modern embodied agents. Our results reveal
that while LLMs excel at localized spatial seman-
tics, they face substantial challenges in global men-
tal modeling and perspective stitching. However,
the marked improvement seen with explicit reason-
ing suggests that the LLM backbone has untapped
potential for world modeling. We believe that SiT-
Bench will serve as a foundational resource for
the community, guiding the development of more

spatially-grounded LL.Ms and facilitating the leap
toward truly intelligent embodied agents.

6 Limitations

Despite the comprehensive nature of SiT-Bench,
several limitations remain that offer avenues for
future research.

Discrete Snapshot vs. Continuous Dynam-
ics. While SiT-Bench covers complex movement
through tasks like Ego-motion Perception and Path
Planning, these are grounded in discrete multi-
view snapshots or sequential "state-captions”. In
actual embodied scenarios, spatial intelligence re-
quires processing high-frequency continuous tem-
poral data. Our textual abstraction, while effective
for testing topological reasoning, does not fully
capture the real-time feedback loops required for
low-level motor control in robotics.

Computational Latency of Reasoning Models.
Our experimental analysis highlights that "think-
ing" modes (e.g., Gemini-3-Flash with CoT) sig-
nificantly bridge the "spatial gap". However, the
substantial computational overhead and latency as-
sociated with these explicit reasoning traces cur-
rently limit their deployment in latency-sensitive
embodied tasks. Bridging the gap between the
high-level spatial reasoning observed in our bench-
mark and the efficiency required for real-time in-
teraction remains an open challenge. We make
detailed discussion in Appendix A.3

7 Ethics Statement

In the development of SiT-Bench, we have ad-
hered to the highest ethical standards in data col-
lection and model evaluation.

Data Privacy and PII. All image sources used
for caption generation, including those from GTA-
V (Play4Data) and egocentric datasets (Ego3d),
were screened to ensure the absence of Per-
sonally Identifiable Information (PII). For urban
and indoor scenes, we prioritized simulated or
anonymized environments to avoid privacy in-
fringements related to real-world locations or indi-
viduals.

Mitigating Demographic and Geographic Bias.
We acknowledge that spatial datasets often reflect
geographic biases (e.g., urban structures in Western
cities). To mitigate this, SiT-Bench intentionally
incorporates a diverse array of 17 subtasks ranging

1860



from abstract geometric puzzles and LEGO assem-
bly to various robotic manipulation scenarios. This
diversity reduces the reliance on specific cultural
or geographic landmarks for spatial reasoning.

Commitment to Open Research. To foster
transparency and reproducibility in the embod-
ied Al community, we commit to releasing the
full SiT-Bench dataset, comprising 3,800+ expert-
annotated samples. We believe that by open-
sourcing these coordinate-aware textual descrip-
tions, we can provide a neutral testbed for assessing
the "World Models" of future autonomous agents,
thereby preventing the monopolization of spatial
intelligence benchmarks by proprietary visual-only
platforms.
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A Data Sources and Task Distribution

A.1 Data Sources

We utilize several publicly available datasets,
each contributing specific subsets tailored for spa-
tial reasoning and perception tasks.

SpatialEval (Wang et al., 2024): We select
the "Spatial real" subset, which focuses on real-
world spatial commonsense question answering. It
tests models on their ability to reason about the
relative positioning of objects in a scene, such as
determining if one object is to the left or right of
another.

SpinBench (Zhang et al., 2025b): We use
the "Scene perspective select” subset, which chal-
lenges models to reason about different perspec-
tives of the same scene, and the "View-spatial"
subset, which tests the consistency of object recog-
nition across different viewpoints. These tasks
evaluate the model’s ability to handle multiple im-
ages depicting the same environment from various
angles.

Mindcube (Yin et al., 2025b): For this dataset,
we focus on multi-view images of objects and
scenes. Specifically, we use samples where the
camera rotates around a fixed object, ensuring a
variety of perspectives that test models on their
ability to recognize spatial consistency across dif-
ferent views.

Resplan (Abouagour and Garyfallidis, 2025):
The "Route plan" subset consists of 2D floor plans,
typically of room layouts. It tests models on path
planning and navigation, specifically how well they
can reason about the positioning of rooms and
doors to infer possible movements or navigation
routes based on structured textual descriptions.

Play4Data (Richter et al., 2016): This dataset
provides two subsets: "Mental Rotation," which
evaluates depth and distance perception, and "Per-
spective shift," which tests the model’s ability to
infer the relative positions of objects as the view-
point changes. These tasks assess spatial reasoning
from different angles and distances.

POEM-v2 (Yang et al., 2025a): This dataset
includes "Single view" and "Multiview" subsets.
The "Single view" subset focuses on hand-object
interactions, while "Multiview" examines spatial
relationships between objects and the human hand
from multiple viewpoints, assessing the model’s
embodied spatial perception.

LEGO-puzzles (Anonymous, 2025): We use

this dataset to test models on spatial reasoning in-
volving LEGO structures. The task requires mod-
els to determine the perspective of a LEGO struc-
ture, testing their ability to infer spatial relation-
ships based on a top-down view.

Ego3D-Bench (Gholami et al., 2025): This
dataset offers several subsets, such as "Ego-centric
motion" and "Object-centric motion," each involv-
ing six viewpoints per data entry. These tasks test
models on motion perception, requiring them to
infer the movement of objects or agents from dif-
ferent spatial perspectives.

Cospace (Zhu et al., 2025b): From this dataset,
we select various subsets such as "Angle," which
involves object counting and angle measurement,
and "Counting," which challenges models to ac-
curately count the number of objects in a scene.
Tasks such as "Dif-ang" and "Direction judge" as-
sess the model’s ability to determine object per-
manence and directional orientation in dynamic
environments.

WM-ABench (Gao et al.): We utilize subsets
that focus on object spatial arrangement, geometric
object placement, and simulated street view navi-
gation tasks. These tasks involve reasoning about
the layout of objects and the potential paths that
could be taken in a scene, testing spatial navigation
and embodied interaction.

In total, we carefully selected and processed
34,917 samples from these datasets. These sam-
ples will be used to construct a benchmark with
approximately 4,000 samples and a larger dataset
of around 20,000 samples, ensuring a balanced
representation of tasks and data diversity.

A.2 Detailed Task Distribution

The tasks in our benchmark are categorized into
five major categories: Global Perception & Map-
ping, Navigation & Planning, Multi-View & Ge-
ometric Reasoning, Embodied & Fine-grained,
and Logic Detection. Each category is further di-
vided into sub-tasks, as detailed in Table 5. This ta-
ble provides information on the data sources, sam-
ple sizes, and task descriptions for each sub-task.

A.3 Comparison of Model Inference Latency

As discussed in the main text, while explicit
reasoning modes (e.g., Chain-of-Thought prompt-
ing) significantly enhance spatial reasoning perfor-
mance, they introduce substantial computational
overhead. Table 4 presents a comprehensive com-
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parison of average inference latency across all eval-
uated models.

Key Observations. The latency data reveals a
stark trade-off between reasoning capability and
computational efficiency:

* Standard models exhibit sub-second latency
in most cases, with lightweight models like
Cosmos-Reason2-2B (0.34s) and InternVL3-2B
(0.27s) achieving the fastest inference times,
making them suitable for real-time applications.

* Thinking-enabled models demonstrate dramat-
ically increased latency, often by 1-2 orders of
magnitude. For instance, Qwen3-4B increases
from 0.41s to 14.42s when thinking mode is en-
abled (35 increase), while deepseek-v3.2 esca-
lates from 2.71s to 190.24s (70 x increase).

e Spatial-specialized @ models such  as
SpaceQwen2.5-VL-3B-Instruct (2.31s) and
SpaceR (3.87s) achieve a reasonable balance,
providing enhanced spatial reasoning with
moderate latency overhead compared to general
thinking models.

* API-based models like gpt-4o0 (0.95s) and
gemini-3-flash-preview with thinking (40.11s)
show that even commercial solutions face signif-
icant latency increases when explicit reasoning
is required.

Implications for Embodied AI. These find-
ings underscore a critical challenge for deploying
spatially-intelligent models in real-world embod-
ied systems. While our benchmark demonstrates
that explicit reasoning significantly improves spa-
tial understanding, the associated latency (often
exceeding 40-90 seconds per query) is incompati-
ble with the real-time requirements of robotic ma-
nipulation, autonomous navigation, and interac-
tive agents. Future research should focus on: (1)
distilling spatial reasoning capabilities into more
efficient architectures, (2) developing hybrid ap-
proaches that selectively engage deep reasoning
only when necessary, and (3) exploring hardware
acceleration strategies for reasoning-intensive com-
putations.

Model Name Avg Latency (s)
Standard Inference Models

Cosmos-Reason2-2B 0.34
InternVL3-2B 0.27
Llama-3-8B-Instruct 0.38
llava-1.5-7b-hf 0.39
Qwen2.5-3B-Instruct 0.40
Qwen3-4B 0.41
Qwen2.5-VL-3B-Instruct 0.42
Qwen3-VL-4B-Instruct 0.43
Qwen3-4B-Instruct-2507 0.39
Cosmos-Reason2-8B 0.44
InternVL3-8B 0.46
Qwen3-VL-8B-Instruct 0.49
InternVL3_5-30B-A3B 0.50
Llama-3.1-8B-Instruct 0.52
Qwen3-8B 0.52
InternVL3_5-4B-Instruct 0.44
InternVL3_5-8B-Instruct 0.55
InternVL3_5-14B-Instruct 0.55
Qwen3-30B-A3B-Instruct-2507 0.59
Qwen2.5-7B-Instruct 0.62
Qwen2.5-VL-7B-Instruct 0.65
Qwen3-VL-30B-A3B-Instruct 0.72
InternVL3-14B 0.82
gpt-4o 0.95
Qwen3-VL-32B-Instruct 1.03
Qwen2.5-VL-72B-Instruct 1.88
deepseek-v3.2 2.71
Qwen2.5-72B-Instruct 4.94
Thinking/CoT-Enabled Models

RoboBrain2.0-7B_thinkon 0.61
SpaceQwen2.5-VL-3B-Instruct_thinkon 231
SpaceThinker-Qwen2.5VL-3B_thinkon 3.82
SpaceR _thinkon 3.87
Qwen3-4B_thinkon 14.42
Qwen3-8B_thinkon 17.11
gemini-3-flash-preview_thinkon 40.11
InternVL3_5-4B_thinkon 43.41
InternVL3_5_8B_thinkon 46.95
Qwen3-VL-30B-A3B-Thinking_thinkon 53.95
InternVL3_5-38B 62.57
Qwen3-VL-4B-Thinking_thinkon 65.91
Qwen3-VL-32B-Thinking_thinkon 73.42
Qwen3-VL-8B-Thinking_thinkon 87.99
deepseek-v3.2_thinkon 190.24

Table 4: Average inference latency comparison across
models. Models with ““_thinkon” suffix indicate explicit
reasoning/thinking mode enabled.
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Major Category

Sub-task

Data Source

Count

Rationale

Global Perception &
Mapping

Scene Layout Reason

Mindcube

200

Tests the model’s ability to reason about common sense
spatial relationships.

Panoramic Counting

CoSpace

Assesses the model’s ability to count multiple objects
and understand spatial relations in a panoramic context.

Cognitive Mapping

MindCube

100

Evaluates the model’s ability to generate grid layouts or
JSON formatted maps from room descriptions.

Navigation &
Planning

Outdoor Navigation

CoSpace / WM-Abench

300

Tests the model’s navigation abilities in outdoor environ-
ments based on textual descriptions of paths and direc-
tions.

Path Planning Logic

Resplan

100

Evaluates the model’s ability to plan routes from point
A to B using structured textual descriptions of room
layouts.

Ego/Objects-motion Perception

Ego3d

500

Assesses the model’s ability to perceive and understand
movement directions (forward, back, left, right) from
text descriptions.

Multi-View &
Geometric Reasoning

Real-world QA

SpatialEval

135

Tests the model’s spatial commonsense knowledge in
real-world scenarios to assess its practical understanding
of space.

View Consistency

SpinBench / View-spatial

200

Evaluates the model’s consistency in recognizing objects
from different perspectives within the same scene.

Perspective Shift

Play4Data / Ego3d

351

Assesses the model’s ability to infer object positions
when the viewpoint changes.

Pure Mental Rotation

LEGO-puzzles

100

Tests the model’s ability to perform abstract geometric
rotations, removing semantic interference.

Spatial Puzzles

SpatialEval

50

Involves high-difficulty tasks where the model must as-
semble or disassemble objects based on spatial relations.

Embodied &
Fine-grained

Hand-Object Interaction

POEM-v2

400

Assesses the model’s ability to understand fine-grained
spatial interactions, such as hand-object contact points
and relative positions.

Fine-grained Tracking

WM-Abench

305

Tests the model’s ability to track subtle changes in object
state (e.g., color, position) within a scene.

Depth & Distance

Playing4Data / POEM-V2

300

Evaluates the model’s ability to understand depth per-
ception and distance relationships between objects in a
given environment.

Action Prediction

WM-ABench

100

Assesses the model’s ability to predict the next action
or determine task completion based on current spatial
descriptions.

Logic Detection

Object Peranence

CoSpace

200

Tests the model’s understanding of object permanence,
evaluating its ability to reason about objects’ existence
across different views.

Direction Judgement

CoSpace

250

Assesses the model’s ability to determine cardinal direc-
tions (e.g., east, west) based on spatial information in
images or descriptions.

Table 5: The task classification, task description and data sources of SiT-bench.
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A.4 DeepSeek-R1 Filter Prompt Template

To ensure the quality of our benchmark, we em-

ploy DeepSeek-R1 as an automated data quality
auditor. The filtering process is guided by five core
principles:

1.

Entity Visibility & Presence: If the captions
across all images fail to explicitly mention the
primary entities or objects essential for answer-
ing the question, the data item is deemed unus-
able.

No Answer Leakage: If the question itself
nearly contains or directly reveals the answer,
requiring no spatial inference to complete the
task, the data item is discarded.

. Spatial Deductibility: We ensure that the di-

rectional terms provided in captions (e.g., “left
of”’, “behind”) are sufficient to logically deter-
mine a unique answer. Items with overly vague
descriptions are removed.

Multi-View Reasoning Priority: We prioritize
items that require integrating information from
multiple images to solve, as this represents high-
quality 3D spatial reasoning.

. Ambiguity Detection: Items that may yield

multiple reasonable interpretations based on the
textual description are excluded.

The complete prompt template used for

DeepSeek-R1 filtering is presented below:

Act as a strict data quality auditor

for a 3D spatial reasoning dataset.

You are provided with:

1. Captions: Detailed descriptions
of multiple images from the same
scene.

2. Question: A spatial reasoning task
(e.g., relative direction) based on
those images.

3. Choices: Multiple-choice options.
4. Answer: The ground truth answer.

Your goal is to identify high-quality
spatial reasoning items. A
high-quality item must satisfy
ALL following criteria:
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1. Entity Visibility & Presence
(STRICT):

- All objects mentioned in the
question (the ‘standing at’ object,

the ‘facing’ object, and the ‘target’
object) MUST be explicitly described
in at least one of the image captions.
- If a caption mentions an object is
“not visible” or “not found”, and no
other image provides its description,
the item MUST be DISCARDED.

2. No Answer Leakage & Triviality:

- The question or choices must NOT
make the answer obvious without the
captions.

- The captions must NOT explicitly
state the answer (e.g., if the
question is “where is the lamp
relative to the desk”, a caption
saying “the lamp is on the right of
the desk” is a direct leak).

- The task should not be solvable by
common sense alone (e.g., “Where is
the ceiling? A. Up”).

3. Spatial Deductibility (Multi-View
Reasoning Priority):

- The answer must be logically
derivable from the provided spatial
relationships (left, right, behind,
front, adjacent, etc.).

- Prefer items that require combining
information from multiple image
captions to solve the 3D layout.

- If the captions are too vague or
contradictory, DISCARD the item.

4. Ambiguity Check:

- The correct choice should be the
only logically sound answer based on
the text.

Output your decision in EXACTLY
this JSON format:
{

“keep”: true or false,

“reason”: “Explain your logic: 1)
Are all entities present? 2) Is
there leakage? 3) Is it logically



solvable?”,

“missing_entities”: [“list any
entities from the question not found
in captions”],

“is_multi_view”: true or false,

“leakage_detected”: true or false

A.5 Detailed Implementation Parameters

All experiments are conducted on a server
equipped with 8xNVIDIA A100 GPUs (80GB
each). For models with fewer than 100B param-
eters, we employ VLLM (version 0.11.0) as the
inference backend to enable efficient batched gen-
eration. The detailed configuration parameters are
summarized in Table 6.

Parameter Value

Server Configuration
Tensor Parallelism (TP)  Model-dependent
GPU Memory Utilization Auto

Max Batch Size 32
Max Model Length Model-dependent
KV Cache Dtype Auto
Generation Parameters
Temperature 0.0
Top-p 1.0
Max Tokens 32,768
Presence Penalty 0.0
Frequency Penalty 0.0
Repetition Penalty 1.1
Inference Settings

Concurrency 16
Timeout (seconds) 1,200
Thinking Budget 8,192
Answer Format Plain

Table 6: Implementation parameters for SiT-Bench eval-
uation.

For reasoning-enhanced evaluation (CoT
prompting), we enable the thinking mode with a
budget of 8,192 tokens. All API-based models
(e.g., GPT-40, Gemini-3-Flash) are accessed
through their official endpoints with default rate
limits. For open-source models, we deploy local
vLLM servers with OpenAl-compatible APIs,
using trust remote code when necessary for custom
architectures.

A.6 Complete Gemini-3-Flash Reasoning
Process

In this section, we present the complete reason-
ing process of Gemini-3-Flash on two representa-
tive examples from our benchmark. These exam-
ples demonstrate the model’s step-by-step spatial
reasoning capabilities.

Extended Thinking Process:

Visualizing the Layout
I’'m currently trying to establish

the spatial relationships between
the provided images. The initial
focus is on correctly identifying

the cardinal directions. I’ve placed
Image 1, featuring the silver sedan
and red cement mixer, as representing

North, as a starting point. Then,
I'1l assess the remaining three
images and will position them

according to their orientation to
this central image.

Orienting the Images

I’ve mapped out the cardinal
directions and tentatively placed
the images. Image 1 represents North,
as initially hypothesized. Now,
I’'m analyzing the relationships of
vehicles across images. The silver
sedan appears in multiple locations,
which makes me think of possible
multiple instances or, more likely,

a shared space with a rotating
viewpoint.

Mapping Vehicle Positions

I’'m now cross-referencing vehicle

locations across the four images to
solidify their relative positions.
It seems certain vehicles are
present in multiple images, such
as the silver sedan and the red
cement mixer. Analyzing the mixer’s
changing position across North,
East, and West supports the initial
orientation. Additionally, I am

1868



trying to determine if all mentions
are the same vehicle. I am making
progress.

Confirming Vehicle Locations

I'm now carefully tracking the
positions of each vehicle across the
four images to solidify the layout.
Analyzing the silver sedan is tricky,
as it appears in three of the four
images, but its position shifts. I
am now certain the silver sedan is
NOT a single instance, and I need to
note this variance. The red cement
mixer seems to be a stable element.

Revisiting the Vehicles

I'm now carefully re-examining the
vehicles, specifically the silver
sedan. Initially, I thought it was
a single instance, but its shifting
positions in Images 1, 2, and 3
suggest otherwise. I’m focusing on
the silver sedan’s location relative
to the red cement mixer to define
the spatial relationships. This will
help with the layout’s finalization.

Refining Vehicle Identification

I’'m now certain there are two
distinct silver sedans. 1Image 1’s
sedan is different from the one in
Images 2 and 3. My focus is now the
vehicles’ positions relative to the
cardinal directions, and how their
positions change across the images
to establish a more concrete layout.

Mapping the Scene

I’ve finally pinpointed the position
of both silver sedans, and the
red mixer, which aids greatly in
establishing the layout. I’ve
re-mapped the vehicles to reflect
the cardinal directions of each
image, which solidifies the spatial
relationships between the vehicles.
It is clear that the silver sedans
occupy opposing sides of the scene.
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Finalizing Vehicle Locations

I’ve carefully separated the two
silver sedans and noted their
positions in the four images. One

is consistently located on the west
side of the scene, while the other
is on the east. The red cement
mixer serves as a central point,
further solidifying the layout and
confirming the relationships between
the cardinal directions.

Analyzing the Vehicles

I’'m now certain there are two
distinct silver sedans. My current
focus is refining the spatial layout
by cross-referencing the red cement
mixer and both silver sedans to
map their location in each image,
and noting the SUV. This will help
with the final spatial determination.

Re-evaluating the Layout

I’'m now certain there are two
distinct silver sedans. The silver
sedan in Image 1, on the west, is
likely parked near the building. The
second silver sedan, found in Images
2 and 3, is located further east.
I’m noting the changes in the mixer
and SUV in addition to the sedan’s
locations.

Confirming the Silver Sedans

I’m now sure there are two separate
silver sedans, and their positions
relative to each other and the mixer
clarify the scene layout. It is clear
that one sedan is near a building to
the west, while the other is in the
east. The red cement mixer forms a
central point.

Mapping the Scene

I’ve now cross-referenced the
locations of the red cement mixer,
the black/dark SUV, and the two
silver sedans. The red mixer’s



placement aids in establishing the
cardinal directions, as do the SUV’s
and the sedans’ positions across the
images.

Mapping the Scene

I’ve re-examined the vehicles and
the cardinal directions to establish
a spatial framework. With the two
distinct silver sedans now placed,
I'm using the cement mixer as the
key for orienting the scene across
images. I’m noting the changes in
the SUV’s position as well.

Refining Vehicle Locations

I’'m now certain there are two
distinct silver sedans. Based on the
position of the red mixer and the
SUV, I’ve confirmed their general
placement, allowing me to refine
the positions of both silver sedans
relative to the cardinal directions.

The goal is to accurately map the
vehicles’ locations across each
image.

Mapping the Scene

I’ve re-examined the vehicles and the
cardinal directions to form a spatial
framework. Having distinguished the
two silver sedans, and the red mixer,
I’'m using the cement mixer and SUV
as keys to orient the scene across
images. I’m noting the changes in
the SUV’s position as well.

Reassessing the Scene

I’ve re-examined the vehicles and
their positions. I’m now certain
of two distinct silver sedans and
their locations. One’s West, near
a building; the other’s East, with
the red cement mixer serving as
a key reference point. The SUV’s
location further confirms the layout.

Mapping the Scene
I’ve re-examined the vehicles and
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the cardinal directions. One silver
sedan is in the west, likely near
a building. Another is in the east.
The red cement mixer and the dark SUV
help orient the scene.

Analyzing Vehicle Locations

I’'m now carefully tracking the
positions of each vehicle in each
image. Both silver sedans are mapped

out. I’ve re-examined the SUV’s
and the cement mixer’s relative
positions, with an eye toward

solidifying the layout and ensuring
I have identified all the unique
vehicles.

Revising Cardinal Directions

I’'m now certain the directions are
as I’ve laid them out. My immediate
concern is the relationship between

the two silver sedans and other
vehicles. 1’11 need to re-map the
scene and incorporate the SUV to

verify everything.

Reassessing the Layout

I am now thoroughly examining the
placement of each vehicle across the
four images to solidify the layout.
After verifying that Image 1 faces
North, I’m focusing on the SUV and
the red cement mixer for orientation.
The key is to correctly place the two
silver sedans.

Mapping the Scene

I am now carefully wusing the
descriptions to map the placement
of all the vehicles. My goal is
now to solidify the layout based on
vehicle locations across each image,
including the two silver sedans and
red cement mixer. Analyzing the SUV
and the red brick building will help
greatly.

Refining the Layout
I’'m now zeroing in on the spatial



arrangement, focused on the
relationships between the two
silver sedans, the red mixer, and the
SUV. The varying perspectives have
made this challenging. I believe I
have the primary positions. I am
making rapid progress in confirming
this.

Analyzing Vehicle Placement

I'm now certain of the two silver
sedans and their locations. One is
in the west, likely near a building.
The other is consistently east. I’'m
focusing on the relationship between
these sedans, the red cement mixer,
and the dark SUV to refine the
image’s orientation and solidify the
spatial layout.

Mapping the Scene

I am now carefully wusing the
descriptions to map the placement
of all the vehicles. My goal is
now to solidify the layout based on
vehicle locations across each image,
including the two silver sedans and
red cement mixer. Analyzing the SUV
and the red brick building will help
greatly.

Refining the Layout

I’'m now certain there are two
distinct silver sedans. Based on the
position of the red mixer and the SUV,
I’ve refined the vehicle placements.
Image 1 features one sedan to the
West, and Image 2 shows the other
sedan to the East. I’m building out
a map.

Re-examining Vehicle Locations

I’'m making a final push to solidify
the vehicle locations. Image 1 faces
North, and the red cement mixer is
central, supporting this initial
orientation. The varying positions
of both silver sedans, and the shared
appearance of the red cement mixer
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in multiple images, help confirm the
spatial layout.

Refining the Layout

I’m now certain the directions are as
I’ve laid them out, and I can start
solidifying the layout. My current
focus is how the silver sedans and
other vehicles relate. The SUV’s
position is a key element and aids
my understanding of the cardinal
directions of each image.

Final Reasoning (Think Block):

The user wants to know the total
number of vehicles in the scene based
on four image captions.

1. Analyze Image 1 (North): Silver
sedan (far left - West), Red cement
mixer (center - North), Black SUV (far
right - East). Vehicles identified:
Sedan A (West), Mixer (North), SUV
(East).

2. Analyze Image 2 (Direction to be
deduced): Red cement mixer (far left),
Silver sedan (center), Dark-colored
SUV  (right). Deduction: If the
Mixer is North and it’s on the left,

and the SUV is East and it’s on
the right, this image is likely
facing East. Vehicles identified:

Mixer (North), Sedan B (East), SUV
(East/South-East).

3. Analyze Image 3 (Direction to be
deduced): Silver sedan (far left),
Red brick building (center), Large
tree (far right). Deduction: If the
Silver Sedan B is in the East, and
it’s on the far 1left, this image
is likely facing South. Vehicles
identified: Sedan B (East).

4. Analyze Image 4 (Direction
to be deduced): Black metal fence
(far left), Red brick building under
construction (center), Red cement
mixer (far right). Deduction: If the
Mixer is North and it’s on the far
right, this image is likely facing
West. Vehicles identified: Mixer



(North).

5. Consolidate the vehicles: -
Vehicle 1: Silver sedan (West) - from
Image 1 (far left). - Vehicle 2: Red
cement mixer (North) - from Image 1
(center), Image 2 (far left), Image 4
(far right). - Vehicle 3: Black/Dark
SUV (East/South-East) - from Image
1 (far right), Image 2 (right). -
Vehicle 4: Silver sedan (East) - from
Image 2 (center), Image 3 (far left).
Total distinct vehicles: 4.

Answer: 4

Question: Based on these four images

(image 1, 2, 3, and 4) showing
the scene from different viewpoints
(north, west, south, and east),

with each camera aligned with room
walls and partially capturing the
surroundings: How many motorcycles
are there in total in the scene?

Extended Thinking Process:

Analyzing the Visual Data

I'm currently focused on the images
and their composition. Image 1 is
set, showing a black motorcycle,
a yellow bicycle, and a 1leafless
tree on the far left. To the right,
another dark motorcycle is partially
obscured. Further along, a gray
building with AC units and a third
motorcycle near a yellow sign is
visible. I’m noting the positions
of the objects and their relative
distance from each other.

Assessing Image 2’s Contents

I'm now carefully examining Image
2, trying to catalog the scene. I
see a silver sedan, then a black
motorcycle with a rear rack, and
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a second one near a leafless tree.
There are also bollards, parked
cars, and a brown brick wall. The
“dark two-wheeler” warrants closer
scrutiny, it appears I was correct -
it’s another motorcycle.

Mapping the Image Directions

The images are now aligned. Image
1 is north, with a good view. I’ve
broken down each image, itemizing

motorcycles. Image 2 also provides
insight with its silver sedan, and
the positioning of a second black
motorcycle. Image 3 seems to include
one motorcycle and Image 4 appears
motorcycle-free.

Deducing Image Directions
I’ve made progress in establishing

the directions. Confirmed that
Image 2 1looks West, relative to
Image 1 (North). Analyzing the
objects in Images 1 and 2, and their
relative positions, has clarified
the directional relationships. I’m
now proceeding to determine the
orientation of Images 3 and 4,

and the relative positions of the
buildings.

Revisiting Directional Overlaps

I’ve just refined my focus,
cross-referencing objects across
images to pinpoint directions. The
presence of the yellow bike and
leafless tree has definitively
established that Image 2 is looking
West. I’'m now comparing the
positioning of the gray building
and motorcycles to confirm the
orientation of Images 3 and 4,
building up a cohesive map.

Refining the Overlaps

I’ve clarified the image directions
by cross-referencing features. Image
2’s West direction is confirmed due
to the matching of motorcycles and



the yellow bike/tree, consistent
with Image 1’s North view. Now, I’m
using the gray building and stone
stairs to definitively establish
that Image 4 is East, followed by
Image 3’s placement.

Confirming Image Orientations

I'm now verifying the orientations
based on object overlaps. The tree
and bike confirm Image 2 as West.
The stone stairs in both Image 3 and
Image 4 suggest that Image 4 is East.
I’'m now certain that the remaining
direction is South, and verifying
motorcycle counts.

Determining the Coordinates

I'm now carefully mapping the image
orientations. After confirming the
West direction with the tree/bike
overlap, I identified East using the
gray building and stone stairs. This
means that Image 3 is south, and
I'm now proceeding to reconcile the
motorcycle counts across images, and
pinpointing their exact locations.

Reconciling Motorcycle Counts
I'm now fully immersed in reconciling
motorcycle counts across the images.

I’ve re-listed all the bikes,
accounting for overlaps based on
their positions. I’ve pinpointed

their locations based on the image
orientations, identifying the same
bikes in multiple views. I’m building
a concise summary of motorcycle
positions.

Summarizing the Findings

I'm now fully immersed
motorcycle analysis. Based on
object overlaps and directional
clarity, 1I’ve confirmed that the
‘dark two-wheeler’ and the first
black bike are the same motorcycle.
I’ve streamlined my focus on the
motorcycle counts, their locations

in the
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based on the image orientations, and
the building layouts.

Summarizing the Motorcycle Positions
I’m now consolidating the motorcycle
locations based on the analysis.
The black bike with a rear rack
is likely the same motorcycle seen
on Image 3 (with the handlebars
visible). I’m also confident in the
placement of the other motorcycles.
I am finishing the final summary of
motorcycle counts.

Confirming the Final Counts

I’'m now concluding the analysis,
confident in the final motorcycle
counts. The black motorcycle with

the rear rack and the motorcycle with
handlebars are the same. Image 1 has
3, Image 2 has 3, Image 3 has 1, and
Image 4 has @. I will now finalize
my overall assessment.

Re-evaluating Motorcycle Counts

I’'m now revising the motorcycle
counts, re-examining the images.
I’ve re-identified the motorcycles
in Image 1: 3. Then in Image 2: I
am seeing 3. Image 3 has one. Image
4 has zero. Next step, building my
overall findings.

Refining the Motorcycle Data

I’m now consolidating the motorcycle
locations based on the analysis. The
black bike with a rear rack is likely
the same motorcycle seen on Image 3
(with the handlebars visible). The
yellow bike/tree cross-reference
confirms the overall orientation. I
am finishing the final summary of
motorcycle counts and positions.

Concluding the Motorcycle Counts

I’'m now concluding the analysis,
confident in the final motorcycle
counts. The black motorcycle with

the rear rack and the motorcycle with



handlebars are the same. Image 1 has
3, Image 2 has 3, Image 3 has 1, and
Image 4 has @. I will now finalize
my overall assessment.

Re-examining Motorcycle Counts

I'm revisiting the initial
motorcycle count, cross-referencing
descriptions. I’ve re-examined the
images to ensure consistency. Image
1 has three motorcycles, with a “dark
two-wheeler” in Image 2. I’m building
a solid foundation of data.

Final Reasoning (Think Block):

The user wants to know the total
number of motorcycles in the scene
based on four image captions.

1. Analyze Image 1 (North):
Motorcycle 1 (M1): Black, far left,
near metal railing, yellow bicycle,

and leafless tree. Motorcycle
2 (M2): Dark-colored, behind
the tree. Motorcycle 3 (M3):

Near yellow-and-black traffic cones,
further right. Total in Image 1: 3
motorcycles.

2. Analyze Image 2 (West): Motorcycle
4 (M4): Black, rear rack, beside
a dark sedan, near a silver sedan
and bollards (left side). Motorcycle
2 (M2): Black, next to a leafless
tree (right side). Motorcycle 1
(M1): “Another dark two-wheeler”
beside a yellow bicycle and the tree
(right side). Total in Image 2: 3
motorcycles (M4, M2, M1).

3. Analyze Image 3 (South):
Motorcycle 4 (M4): Black,
handlebars/front wheel visible,

next to a black bicycle and bollards
(right side). Total in Image 3: 1
motorcycle (M4).

4. Analyze 1Image 4 (East): No
motorcycles mentioned.

5. Consolidate and Count: North-West
Corner: M1 and M2 are mentioned
in both Image 1 (left) and Image

2 (right). North-East Corner: M3
is mentioned in Image 1 (right).
South-East Corner: No motorcycles
mentioned.

Total unique motorcycles: M1, M2, M3.
Total count = 3.

Answer: 3

A.7 Instructions to Human Test Participants

In this section, we present the complete instruc-
tions provided to human participants during our
benchmark evaluation. These instructions were
designed to ensure consistent and fair comparison
between human and model performance.

Welcome to the Spatial Intelligence
Test

Thank you for participating in this
evaluation. You will be presented
with a series of questions that assess
your spatial reasoning abilities
based on visual information.

General Guidelines:

1. Read Carefully: Each question
will present multiple images
showing different viewpoints of
a scene or object. Read
the question thoroughly before
examining the images.

2. Examine All 1Images: Take
time to study each provided
image. Pay attention to spatial
relationships, object positions,
and directional cues.

3. No External Tools: Do not use any
external tools, calculators, or
reference materials. Rely solely
on your visual perception and
spatial reasoning.

4. Time Limit: There is no strict
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time 1limit per question, but
please work at a steady pace.
The average completion time is
approximately 45-60 minutes for
the full test.

5. Single Attempt: Select the answer
you believe is most correct. You
cannot change your answer after
submission.

6. Best Effort: If you are uncertain,
make your best educated guess
rather than leaving the question
blank.

Question Types:

You will encounter various types
of spatial reasoning questions,
including:

* Scene Layout: Determining spatial
relationships between objects from
multiple viewpoints.

* Object Counting: Identifying and
counting specific objects across
different views.

* Direction & Orientation:
Understanding cardinal directions
and relative positions.

e Spatial Transformation: Mental
rotation and perspective-taking
tasks.

Important Notes:

e Al11 images are captured from
real-world scenes or carefully
constructed environments.

e Cardinal directions (North, South,
East, West) may be indicated in some
questions.

e When multiple images are provided,
they typically show the same scene
from different angles.

e Pay attention to overlapping
objects between images to establish
spatial consistency.

Example Approach:

When solving a multi-view spatial
question:

1. Identify a vreference object
visible in multiple images.

2. Establish the viewing direction
for each image.

3. Build a mental map of the scene
layout.

4. Use this mental map to answer the
question.

Ready to Begin?

Please ensure you are in a
quiet environment with minimal
distractions. Click “Start” when you
are ready to proceed.

Thank you for your participation.
Your responses will contribute
to important research in spatial
intelligence evaluation.

A.8 More Models’ Complete Evaluation
Results on SiT-Bench

This section presents comprehensive evaluation
results for additional models on the SiT-Bench
benchmark. The complete performance metrics
across all spatial reasoning tasks are provided in
table 7.

B Additional Validity Analyses

B.1 Gold Caption Ablation

To further exclude the impact of VLM-generated
caption artifacts, we sampled 210 instances across
all categories and had human experts manually
rewrite them to ensure perfect spatial fidelity
(“Gold Captions”). We evaluated Gemini-3-Flash
and Qwen3-VL-8B. The results show a marginal
improvement (average +2.8%), reinforcing that the
reasoning deficit persists even with perfect human-
authored text.
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Models & S & & q
Baseline
Human Level 1 7442 67.85 80.00 73.42 26.77 78.22 64.67 95.00 83.00 7745 98.51 75.00 71.23 68.00 93.00 71.86 71.50 72.13 77.67 55.00| 76.22 70.00 81.20
Random Level 32 2730 - 25.00 25.00 - 3472 12,50 25.00 50.00 24.99 2496 25.00 25.00 25.00 25.00 24.98 2495 2500 25.00 25.00| 25.00 25.00 25.00
Proprietary Models / 100B+ Models
GPT-4o (Hurst et al., 2024) 6 4570 17.74 11.50 26.58 3.61 53.78 32.00 85.00 60.60 54.55 91.85 39.00 51.28 37.00 74.00 47.78 30.00 56.07 70.67 25.00| 4533 74.00 22.40
DeepSeek-V3.2 (Liu et al., 2025) 22 37.06 19.68 13.50 29.24 3.30 49.89 19.67 87.00 60.60 46.65 93.33 38.00 33.05 36.00 72.00 33.67 29.50 39.34 38.00 20.00| 25.11 21.50 28.00
-thinking 10 43.74 22.02 16.50 32.89 0.33 61.22 12.00 86.00 85.80 53.71 97.78 37.00 47.29 37.00 80.00 3276 1325 55.08 37.33 29.00 4622 63.00 32.80
Gemini-3-Flash-preview (Google, 2025a) 2 5946 35.66 44.50 38.87 8.34 77.11  47.00 89.00 92.80 68.54 96.30 50.50 72.65 45.00 84.00 51.31 2775 65.25 76.67 27.00 59.11 61.00 57.60
Open-Source Models / 100B- Models
LlaVA-1.5-7B (Liu et al., 2024) 31 3053 29.18 28.00 39.53 0.34 39.33 16.33 95.00 42.00 29.78 28.89 31.00 31.91 25.00 22.00 25.52 23.25 30.16 2233 30.00| 28.44 2250 33.20
Llama-3.1-8B (Grattafiori et al., 2024) 27 3478 14.28 15.00 17.94 1.82 45.11 17.00 71.00  56.80 36.60 88.15 31.50 21.94 27.00 40.00 39.73 5175 3443 31.33 33.00| 26.00 19.50 31.20
InternVL3-2B (Zhu et al., 2025a) 29 3392 20.68 16.50 29.90 1.28 42.67 18.00 87.00 48.60 39.59 87.41 32.00 30.48 24.00 36.00 31.22 6.75 3639 24.67 13.00| 30.22 2250 36.40
InternVL3-8B (Zhu et al., 2025a) 20 3842 22.68 13.50 35.88 1.29 35.00 10.33 71.00  42.60 46.41 93.33 33.50 38.18 27.00 68.00 47.06 5375 46.56 43.33 33.00| 3022 29.00 31.20
InternVL3-14B - 4258 20.19 11 31.89 332 48.89 20.67 89 57.8 45.69 97.04 35 3305 30 70 49.59 455 51.15 5933 32 36.89 41 33.6
InternVL3_5-2B - 3475 24.19 11 3987 3.38 45.56 13.67 88 56.2 41.87 87.41 39 3219 23 36 30.68 32 3574 2767 19 24 175 292
InternVL3.5-4B (Wang et al., 2025) 17 39.95 25.79 15.00 40.20 4.01 47.44 17.67 88.00 57.20 44.50 95.56 35.50 32.48 28.00 60.00 38.73 36.50 4393 38.00 34.00| 38.44 46.50 32.00
-thinking 18 3898 22.14 17.50 3223 1.04 47.00 21.33 77.00 56.40 4043 93.33 30.00 27.92 23.00 62.00 38.10 36.25 48.52 30.33 37.00| 44.89 57.00 3520
InternVL3.5-8B (Wang et al., 2025) 124327 26.14 18.50 38.87 3.09 49.78 19.33 90.00  60.00 44.26 94.81 3450 33.05 26.00 62.00 48.78 48.00 5246 49.33 39.00| 37.78 45.50 31.60
-thinking 4 4643 18.65 1450 27.24 1.07 62.00 24.33 85.00 80.00 52.87 96.30 39.00 46.72 28.00 84.00 45.61 4275 57.05 44.00 27.00 52.50 34.40
InternVL3_5-14B-Instruct - 4147 23.64 165 3555 2.05 49.33 23.67 88 57 46.17 9556 35 3447 34 64 4281 34 4754 56 24 44 324
InternVL3_5-30B-A3B - 4098 20.32 125 3023 6.12 47.44 19 88 56.4 53.59 97.04 365 5043 31 72 40.54 335 4131 49 41 30 36
Qwen2.5-3B (Yang et al., 2024a) 26 34.81 27.93 19.50 4252 0.83 4544 15.67 75.00 57.40 35.05 83.70 32.50 19.66 32.00 28.00 32.85 29.25 38.03 36.00 22.00 18.00 34.40
Qwen2.5-7B - 3643 12.77 16 1462 0.77 41.22 1567 84 48 45.81 8593 32 4644 22 36 40.36 4375 40.66 38.67 31 275 344
Qwen2.5-72B (Yang et al., 2024a) 13 4257 14.28 15.00 17.94 184 50.56 26.33 90.00 57.20 53.23 95.56 39.50 48.43 35.00 64.00 47.15 36.75 43.61 70.00 31.00 32.00 34.40
Qwen2.5-VL-3B (Bai et al., 2025) 25 35.54 21.49 10.00 3522 3.17 40.89 11.33 79.00 51.00 40.55 91.85 36.50 27.07 27.00 40.00 39.10 48.00 33.44 34.00 36.00 18.00 31.60
Qwen2.5-VL-7B - 347 19.9 155 2757 5.61 4278 15 62 55.6 46.29 9481 35 3732 29 58 32.67 235 43.61 3733 22 285 164
Qwen2.5-VL-72B (Bai et al., 2025) 8 4545 19.29 13.00 28.90 2.94 55.67 3333 89.00 62.40 53.47 95.56 36.50 48.43 38.00 74.00 49.59 33.00 52.79 76.00 27.00 | 34.89 47.50 24.80
Qwen3-4B-Instruct-2507 - 3659 18.95 142791 191 4422 16.67 69 55.8 40.91 89.63 34 2877 23 58 38.1 4775 3443 32 29 3311 305 352
Qwen3-30B-A3B-Instruct-2507 - 365 18.38 16.5 2492 249 42 1567 92 47.8 46.41 9259 37 359 32 62 37.38 3375 3639 41 44 29.11 205 36
Qwen3-4B (Yang et al., 2024a) 28 34.68 12.44 16.00 13.29 276 45.89 20.33 84.00 53.60 43.06 87.41 37.50 34.76 25.00 40.00 34.57 38.25 36.07 29.67 30.00| 26.67 20.00 32.00
-thinking 14 4226 17.24 13.00 2525 1.62 52,67 22,67 75.00 66.20 53.47 91.11 41.00 50.71 25.00 78.00 39.73 33.50 44.59 48.00 25.00| 40.22 48.50 33.60
Qwen3-8B (Yang et al., 2024a) 21 3791 18.20 14.00 26.58 1.40 45.11 19.33 66.00 56.40 41.87 91.11 32.00 31.62 24.00 56.00 42.99 43.75 3770 48.67 39.00| 30.00 26.50 32.80
-thinking 9 4504 17.49 13.50 2558 1.13 58.78 22,00 72.00 7820 52.51 94.07 34.50 49.57 27.00 84.00 44.16 39.75 47.87 51.67 28.00| 42.67 48.00 38.40
Qwen3-VL-4B (Bai et al., 2025) 19 38.67 18.81 12.50 28.57 2.04 47.44 17.00 86.00 58.00 45.81 94.07 34.50 37.32 26.00 60.00 38.19 37.00 37.38 42.00 34.00| 3556 34.00 36.80
-thinking 11 4370 15.81 15.50 21.26 0.00 58.00 22,00 80.00 75.20 51.79 92.59 37.50 46.72 28.00 82.00 3991 29.00 4426 55.67 23.00 46.67 54.00 40.80
Qwen3-VL-8B (Bai et al., 2025) 16 42.10 25.74 11.50 43.52 0.69 45.78 20.67 81.00 53.80 48.44 92.59 28.50 47.01 24.00 68.00 43.53 4175 4328 51.00 29.00 | 41.33 45.00 38.40
-thinking 7 4566 20.97 16.00 31.23 0.00 59.11 27.00 77.00 74.80 52.99 94.81 37.50 52.14 28.00 58.00 43.62 30.50 49.84 60.00 28.00 | 43.11 51.50 36.40
Qwen3-VL-32B (Bai et al., 2025) 5 4590 15.74 12.00 2292 1.61 59.44 31.67 87.00 70.60 45.81 98.52 35.50 30.77 39.00 64.00 53.67 4525 5475 72.67 27.00| 4022 42.50 38.40
-thinking 3 5106 16.34 13.00 2392 0.20 68.67 28.67 77.00 91.00 59.45 96.30 39.00 59.54 40.00 80.00 49.68 33.50 58.69 69.00 29.00 50.00 54.00 46.80
Spatial Models
Space-Qwen-3B (Chen et al., 2024) 33 2726 16.35 21.00 17.28 424 36.33 1133 71.00 44.40 27.75 44.44 2250 25.64 24.00 26.00 29.77 27.00 38.36 28.85 18.00 ‘ 1622 19.00 14.00
SpaceThinker-3B (Chen et al., 2024) 30 3383 20.73 18.50 2824 2.58 43.11 12.00 61.00 58.20 38.04 86.67 36.00 25.36 21.00 38.00 3222 32,00 32.13 3333 30.00 2889 16.00 39.20
Robobrain2.0-7B (Team et al., 2025a) 24 3552 18.41 16.50 25.58 0.62 36.78 17.67 67.00 42.20 46.17 92.59 33.50 39.32 26.00 60.00 41.36 40.50 40.66 46.67 31.00| 21.78 23.00 20.80
SpaceR-7B (Ouyang et al., 2025) 23 3642 19.40 1250 2791 7.60 44.22 13.33 7200 57.20 43.90 93.33 36.50 29.91 33.00 60.00 37.56 3775 4459 32.67 30.00 ‘ 26.89 31.50 23.20
Cosmos-Reason2-8B (Azzolini et al., 2025) | 15 = 42.13 20.59 1450 3123 0.76 47.89 21.00 89.00 55.80 50.00 92.59 33.00 49.86 23.00 58.00 43.98 37.50 4426 56.67 31.00 4022 49.00 33.20

Table 7: Performance of different models on SiT bench. The highest and second-highest in each category are
highlighted with lightred and light yellow , respectively.

B.2 Human Baseline and Cognitive Load

The 74.42% human baseline reflects the inherent
cognitive limits of human working memory when
parsing coordinate-dense text without visual aids.
In the Cognitive Mapping task (26.77%), human
errors primarily stem from the inability to main-
tain and update complex numerical states mentally.
This is consistent with recent findings in multi-
modal spatial benchmarks like VSI-Bench (Yang
et al., 2024b) and MindCube (Yin et al., 2025b),
where human performance on similar topological
tasks remains low even with visual input.

B.3 Caption Difficulty Stratification

We define “Spatial Token Density” as the count
of directional or coordinate tokens per 100 words.
As shown in the extended analysis, model per-
formance drops significantly as spatial density in-
creases (e.g., from 71.3% in low-density to 43.1%
in high-density), highlighting that complex sym-
bolic manipulation is the core challenge.
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C Prompt Construction, Sample Display and Test Results

C.1 Global Perception & Mapping

C.1.1 Scene Layout Reason

Task: Act as an objective visual observer. Provide a factual, spatially organized
description of the scene in a single paragraph.
Context (Question to be answered later): {user_content}

IMPORTANT: Do not attempt to answer the question or follow any multiple-choice
format now. Your ONLY task is to provide a descriptive caption following these
instructions:

Instructions:

1. Visual-Only Constraint (STRICT):

- Describe ONLY what is directly visible in this specific image.

- If an object mentioned in the Context is NOT visible in this frame, DO NOT
mention it. Do not explain its absence, do not predict its location, and do not
use "if/then" logic.

- STRICTLY PROHIBITED: No spatial reasoning, no logical deductions, and no hints
about the answer. Do not use phrases like "logically,” "should be,” "likely,"”
or "based on the perspective.”

2. Entity Hierarchy:

- Use the Context ONLY to prioritize which VISIBLE objects to describe in detail.
- Focus on visible objects, mainly about "{visible_objects}". Explicitly state
their orientation (e.g., "placed horizontally” or "placed vertically"”) and
relative positions. Describe the objects you see using the same names as before.
3. Spatial Flow (Natural Narrative):

- Follow a strict Left-to-Right scanning order from the camera’s perspective.

- Explicitly name the objects or architectural features at the Far Left and Far
Right edges. State if they are "partially visible" or "cut by the frame."”

4. Tone & Format:

- Use neutral, telegraphic prose. No flowery adjectives or overly detailed
descriptions.

- Qutput MUST be a single, continuous paragraph. Do not include any commentary,
introductory remarks, or answers to the context question.

Ground Truth Question

D. Plush toy Based on these four images (image 1, 2, 3, and 4) showing
the black waist bag from different viewpoints (front,
left, back, and right), with each camera aligned with
room walls and partially capturing the surroundings: If I
am standing at the same spot and facing the same direction
as shown in image 1, what is behind me?
A. Window B. Black sofa C. Display shelves D. Plush toy
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Front

A black waist bag with a white Nike logo is placed
horizontally on a patterned bedsheet in the foreground,
centered within the frame. Behind the bag, a large window
with vertical and horizontal frames spans the background,
offering a view of distant buildings under an overcast
sky; the window’s left and right edges are partially
visible, cut by the frame.

Left

A black waist bag is placed vertically on a
floral-patterned surface in the foreground, its strap
and a small yellow plush toy attached to it visible.
Behind the bag, a wooden-framed piece of calligraphy art
is mounted on the wall. To the left of the frame, a
tall wooden cabinet with a vertical handle is partially
visible. To the right and extending across the background,
dark gray display shelves with marble-like veining hold
various objects: a circular decorative plate, a white
vase, a bottle, two red cylindrical items, and other
small containers. The far-right edge of the frame cuts
off part of the display shelves and another white object.

Back

From the far left edge, a black office chair is partially
visible, cut by the frame. Moving right, a dark
wooden desk holds several items: a blue plastic file
organizer with white binders stands vertically behind
a light-colored plush toy with pink and brown accents,
which is placed horizontally on the desk surface. To the
right of the plush toy, a black rectangular object with
vertical slats, possibly a small display shelf or speaker,
sits upright. In the foreground, a black waist bag lies
open on a patterned fabric surface, its strap extending
toward the lower left where a small yellow plush keychain
and a gold-colored box are positioned. The wall behind
the desk is plain and off-white. On the far right edge,
a green cylindrical container is partially visible, cut
by the frame.
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Right

In the foreground, a black waist bag is placed vertically
on a table covered with a colorful floral-patterned cloth;
to its left stands a green-labeled beverage bottle placed
vertically. Behind the table, a black sofa spans the
midground, partially visible from left to right, with
several plush toys resting on its backrest—pink, white,
and purple ones are discernible. On the far left edge
of the frame, a red chair is partially visible; on the
far right, a white cylindrical object and part of a blue
item are cut by the frame. Above the sofa, mounted on a
wood-paneled wall, is a rectangular framed artwork with
text, centered horizontally.

Gemini3-pro

Based on the descriptions provided for the four images:

1. Image 1 (Front View): The camera is facing the black waist bag and a window.
Thus, the window is in front of the camera.

2. Image 3 (Back View): This camera viewpoint is the opposite of Image 1. It
shows the bag from the other side, with a desk, a light-colored plush toy, and
an off-white wall in its background.

3. Image 2 (Left View) and Image 4 (Right View): These show the bag from the
remaining two sides, with backgrounds consisting of display shelves (Image 2)
and a black sofa with plush toys (Image 4).

D. Plush toy

Qwen3-8B thinking

Looking at image 1: The black waist bag is in the foreground, centered. Behind it
is a large window with vertical and horizontal frames, showing distant bulildings
under an overcast sky. The window’s edges are cut by the frame. Also, no black
sofa, display shelves, or plush toys are visible here, So image 1 shows the front
view where the waist bag is in front, and behind it is the window. So if I’m
facing the same direction as image 1, then the window is behind me, But wait, the
question is asking what’s behind me when I’'m facing the same direction as image
1. So if image 1 is the front view, then the window is behind the bag, so ehind
me would be the window, But let me check other images to confirm.

But wait, the options also have B. Black sofa. Is there any possibility that the
black sofa is behind the window? Let me check image 4. In image 4, the sofa is
behind the table, but the table is in front of the soda. So if the person is
in image 1’s position, facing the same direction, then the window is directly
behind. The sofa is not in image 1’s view. So the answer should be A.

A. Window
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C.1.2 Panoramic Counting

Task: Act as a precise spatial annotator. Your goal is to provide a compressed,
fluid, and spatially accurate English paragraph that describes the scene for 3D
reasoning.

Question to be answered later: {User Content}

IMPORTANT: Do not attempt to count or answer any questions or following
questions’s format now. Your ONLY task is to provide a descriptive caption
following these instructions:

Instructions:

1. Focus & Filter (Entity Hierarchy):

- Target Objects: For entities related to the question, describe their position
and unique visual traits (e.g., "a silver sedan”, "a red cement mixer with white
stripes”). Do not use arbitrary IDs like ’Vehicle A’ since you only see one view.
Do not state the final count.

- Spatial Anchors: For landmarks (buildings, fences), use only their functional
name and color (e.g., "a red brick building”, "a black metal fence"). STRICTLY
IGNORE textures like "corrugated”, "exposed rebar”, or "wooden formwork".

- Strict Exclusion: Skip weather, sky, and small debris.

2. Boundary Anchors (Stitching Logic):

- Explicitly name the objects at the Far Left and Far Right edges. Clearly state
if they are "partially cut” by the frame. This is the only way to align this
view with others.

3. Spatial Flow (Natural Narrative):

- Write as a single, continuous prose paragraph. Use transitional phrases like
"Moving to the right,” "Positioned behind this,"” or "Adjacent to."

- Follow a strict Left-to-Right scanning order.

- Use horizontal zones such as [Far Left, Center-Left, Center, Center-Right, Far
Right].

4. Constraint:

Avoid flowery adjectives. Use "Telegraphic yet Fluent” prose.

- DO NOT use bullet points, brackets like [Extreme Left], or artificial IDs like
"Vehicle A".

- Use specific visual identifiers (brand, color, or relative size) that would
allow another person to recognize the same object in a different image.

Ground Truth Question
4 How many vehicles are visible in this scene?
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North

At the far left edge, a partially cut tall beige apartment
building stands behind a red brick structure under
construction. Moving right, the center-left features a
long red brick building with open window frames and wooden
supports, fronted by a red cement mixer on a concrete
base. Positioned behind this, in the center-right, is
another red brick building with a flat roof and visible
upper-floor windows. Adjacent to it, at the far right
edge, a low red brick wall with a dark gray roofline runs
horizontally, partially obscuring a black sedan parked
behind it.

East

At the far left edge, a partially cut red brick structure
with an open front and scattered construction materials
is visible. Moving to the right, a low beige brick
wall runs parallel to a dirt road, with a small tree
and a dark-colored vehicle parked beside it. Further
along the center, another dark vehicle is parked near a
taller unfinished gray building with exposed structural
elements. Positioned behind this, a silver sedan is
visible further down the road. To the center-right, a
tall red brick building with multiple windows and white
trim stands adjacent to a black metal fence. At the far
right edge, a red brick wall runs vertically, partially
obscuring the base of the red brick building and extending
out of frame.

South

At the far left edge, a silver sedan is partially cut
by the frame, parked beside a red brick building that
extends toward the center. Moving to the right, a black
metal fence runs parallel to the building, separating it
from an open paved area with playground equipment visible
behind it. Adjacent to the fence on the right, a large
pile of construction materials covered by a gray tarp
sits near a tall weeping willow tree. Further right, the
scene continues along a dirt road lined with utility poles
and sparse vegetation, leading to a distant structure at
the far right edge, also partially cut by the frame.
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West

At the far left edge, a black metal fence runs vertically,
partially cut by the frame, with a stack of red bricks and
a large tarp-covered pile in front. Moving to the right,
a tall tree with drooping green leaves stands beside the
fence, its branches extending over a dirt path. Further
along the center-left, another leafy tree is visible
behind the fence line. In the center distance, a silver
sedan is parked on the dirt road, facing away from the
viewer. Positioned behind this vehicle, two multi-story
residential buildings rise against the horizon. To
the center-right, a row of red brick buildings under
construction extends along the right side of the path,
their open frames revealing interior supports. At the
far right edge, a red cement mixer with white stripes is
partially cut by the frame, positioned adjacent to the
last brick structure.

Gemini3-pro

1.Vehicle 1 (Black/Dark Sedan):

In Image 1(North),at the far right edge,a black sedan is parked behind a low red
brick wall.

In Image 2 (East,at the far left/center-left,a dark-colored vehicle is parked
beside a low beige brick wall.

Deduction: Due to the overlapping nature of the images (Right edge of North
overlaps Left edge of East),these are the same vehicle located in the Northeast
corner.

2.Vehicle 2 (Dark Vehicle near Gray Building):

In Image 2 (East),further along the center,the caption explicitly states "another
dark vehicle"” is parked near a taller unfinished gray building.

Deduction: The use of"another” and the central location in the East view
distinguishes this from the first vehicle.

3.Vehicle 3 (Silver Sedan-East/South):

In Image 2 (East),to the center-right/distance,a silver sedan is visible further
down the road. In Image 3(South),at the far left edge,a silver sedan is partially
cut by the frame.

Deduction: The Right edge of the East view overlaps with the Left edge of
the South view.These represent the same silver sedan located in the Southeast
direction.

4.Vehicle 4 (Silver Sedan-West):

In Image 4 (West),in the center distance,a silver sedan is parked on the dirt
road facing away.

Deduction: This vehicle is located to the West.It is distinct from Vehicle 3
(which is to the Southeast) and Vehicle 1/2 (which are to the Northeast/East).
Note: The "red cement mixer” mentioned in Images 1 and 4 is described as being
"on a concrete base,” implying it is stationary construction equipment rather
than a vehicle.

Total Count:
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Vehicle 1: Black/Dark sedan (Northeast) Vehicle 2:Dark vehicle (East) .Vehicle
3: Silver sedan (Southeast) Vehicle 4: Silver sedan (West)
Answer: 4

Qwen3-235B-A3B thinking

4.Silver Sedan 2 (West):

Image 4 (West): Silver sedan parked on the dirt road (center distance).
Conclusion: Unique to the West side of the scene. No overlap with other
images.Count as 1.

5.Dark Vehicle (East):

Image2 (East): A second dark vehicle near an unfinished gray building.
Verification: No matching description in other images (e.g, Image 3 mentions
playground equipment and construction piles but no additional dark vehicle).This
is a unique vehicle located East of the observer. Count as 1.

Final Count:

Cement mixer: 1

Black sedan: 1

Silver sedan 1 (Southeast): 1

Silver sedan 2 (West): 1

Dark vehicle (East): 1

Total unique vehicles: 5

Your answer: 5

C.2 Navigation & Planning
C.2.1 Path Planning Logic

Task: You are an expert spatial navigator and planner. I will provide you with a
floor plan image and a text description of the room layout (names, coordinates,
and connections).

Your goal is to create a multiple-choice question (MCQ) that tests a model’s
ability to plan a route or understand spatial relationships in this 2D plane.

Input Information:

1. Floor Plan Image: Visual representation of the layout.

2. Room Layout Info: A list of rooms with their bounding box coordinates/vertices,
centroids, and graph connectivity. Note that the coordinates correspond to the
image pixels.

Requirements for Question Generation:
1. Scenario: Create a navigation task, e.g., "How do I get from the [Start Room]
to the [End Room]?"” or "What is the path from [Room A] to [Room B]?".
2. Reasoning: You MUST rely on the visual map to determine valid connections
(doors, openings) and specific movements (turns, directions). The provided text
info helps you locate rooms, but the image is the ground truth for navigation.
3. Output Format:
- Caption: A descriptive caption of the floor plan.

- You MUST describe the general layout and relative positions of rooms based

on the image (e.g., "The front door is located in the bottom-left corner.
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The living room occupies the central area. The kitchen is adjacent to the
living room on the north side.”).

- Do NOT reveal the specific answer to the question in this caption.

- Question: A clear question describing the navigation task.
- Options: Provide 4 options (A, B, C, D).

- One correct option describing the valid path.

- Three plausible but incorrect options (distractors).

- CRITICAL: The options MUST be detailed and describe physical movements,
not just room transitions. Use terms like "walk straight”, "turn left”,
"turn right”, "pass through the door on the left”, etc. (e.g., "Enter
through the front_door_0, turn left to cross the living_0, then turn right
to enter the kitchen_0 door").

- Answer: The correct option label (A, B, C, or D).
- Explanation: A brief explanation of why the correct path is valid and others
are not based on the visual evidence.

Room Layout Info provided:
{layout_info}

Please generate the response in the following JSON format ONLY, without
markdown code blocks:

{
"caption”: "..."
"question”: "..."
"options": {

AT ML
=
"C7s Pooo”
D I
})
"answer": "A",
"explanation":

n n

C.2.2 Ego/Objects-motion Perception

Ground Truth Question

A The front view corresponds to the north direction. If the
dark maroon suv parked near construction barricades in
the back view moves 5 meters north while all other objects
remain stationary, does the dark maroon suv parked near
construction barricades in the back view get closer to
the white suv waiting near the intersection in the back
right view?
Options
A.yes B.no
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Back_Left

A gray utility box stands on a patch of dry grass at the
far left, partially cut by the frame. Moving to the right,
a dense row of green shrubs with yellow flowers runs
horizontally across the midground, positioned in front
of a modern gray building with large glass panels and
angular metallic cladding. Centered in the foreground
is a vertical pole painted with alternating black and
beige segments, standing upright on the grass near a
concrete pathway that angles diagonally toward the right.
The building continues behind the shrubs, its reflective
windows and structural folds extending to the far right
edge, where a glass entrance with visible interior
elements is partially cut by the frame. A person in
light clothing appears faintly near the entrance on the
far right, standing still.

Back_Right

A dark maroon SUV is parked near construction barricades
on the far left, partially cut by the frame, with a group
of pedestrians crossing the road ahead. Moving to the
right, a white SUV waits near the intersection in the
center-right, positioned just behind a gray sedan also
stopped at the junction. Adjacent to the white SUV on
the far right is a modern building with curved white
architectural elements, its facade partially visible and
framing the scene. The white SUV remains stationary while
the maroon SUV, if moved five meters north, would shift
closer toward the intersection zone occupied by the white
SUV, reducing the lateral distance between them within
the same traffic lane alignment.

Front

A dark maroon SUV is parked near orange construction
barricades on the left side of the road, partially cut by
the far left edge of the frame. Moving to the right, a blue
sedan is stopped behind the barricades, with two orange
traffic cones in front of it. Centered in the scene is an
orange Doosan excavator positioned behind a line of white
and orange concrete barriers. Adjacent to the excavator
on the right, a white SUV waits near the intersection,
partially visible at the far right edge of the frame.
Behind the excavator and slightly to its right, a group
of workers in yellow helmets and high-visibility vests
stand near additional barricades. A triangular “GIVE
WAY” sign mounted on a gray pole stands prominently on
the far right, just before the white SUV. The background
features a large light-gray building surrounded by green
trees, forming a consistent backdrop across the center
and right portions of the view.
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Front_Left

A modern gray building with large glass panels occupies
the far left, partially cut by the frame, with a person
standing near its entrance. Moving to the right, a row of
lush green shrubs lines the edge of a paved walkway that
curves gently toward the center. A tall tree with dense
foliage stands beside the path, followed by another tree
slightly further right. Positioned behind this second
tree is a white sign mounted on a low concrete wall.
Further right, a dark gray sedan is parked along the
curb, adjacent to a large green dump truck with a visible
cab and open bed, also partially cut by the far right
edge of the frame. The road surface extends into the
background where additional vehicles are faintly visible
near distant construction barricades.

Front_Right

A group of pedestrians stands on the sidewalk near a
crosswalk, with several individuals wearing casual attire
including a man in a light blue shirt and dark trousers
facing away from the camera, a woman in a white top
and black skirt, and others in plaid shirts or orange
tops. Moving to the right, a green multi-story building
with large windows occupies the background, positioned
behind the crowd. Adjacent to the building, a traffic
signal pole with a street sign reading “Fusionopolis
Way” rises vertically, partially obscuring the view of
the road beyond. On the far right edge, a dark maroon SUV
is parked near orange construction barricades, partially
cut by the frame. Further right, beyond the barricades,
a white SUV waits near the intersection, also partially
visible. A single orange traffic cone sits on the grass
verge in the foreground near the curb. The scene is
framed by trees on the far left, which extend into the
background, while the road surface stretches horizontally
across the lower portion of the image.

Gemini3-pro

Based on the provided captions and scene analysis:

1. Orientation: The Front view corresponds to the North direction. Consequently,
the Back view corresponds to the South direction.

2. Object Positions: Dark Maroon SUV: It is identified in the Back view (looking
South), the Back Right view, and the Front view. In the Back view, it is parked
beside construction barricades. Being visible in the Back view implies it is
positioned towards the South or alongside the ego vehicle.

White SUV: It is identified in the Front view, Front Right view, and Back
Right view,waiting near an intersection. Since it is waiting at an intersection
visible in the Front view (North),it is located North of the ego vehicle.
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3. Movement Analysis: The question states the dark maroon SUV moves 5 meters
North.

Since the white SUV is located at the intersection to the North, and the maroon
SUV moves North (towards the intersection), the maroon SUV is closing the
distance to the white SUV.

4. Caption Evidence: The caption for the Back_Right view explicitly contains a
scenario description: "The white SUV remains stationary while the maroon SUV,
if moved five meters north, would shift closer toward the intersection zone
occupied by the white SUV reducing the lateral distance between them within the
same traffic lane alignment." This text directly confirms the outcome.

Answer: A.yes

Qwen3-235b-a22b-thinking

Why the Answer is "Yes":

The maroon SUV starts south of the ego car, and the white SUV is north of the
ego car. Moving north directly closes the gap between them.

No other objects or road geometry (e.g., curves, barriers) contradict this, as
the captions describe a consistent urban road layout with the intersection as a
central reference point.

The question specifically asks about the white SUV "waiting near the intersection
in the Back_Right view,” which is the same vehicle visible in the Front
view,confirming its position north of the ego car.

Conclusion: After moving 5 meters north, the dark maroon SUV gets closer to the
white SUV.

Answer: A.yes

C.3 Multi-View & Geometric Reasoning
C.3.1 View Consistency

Task: Act as an objective visual observer. Provide a factual, spatially organized
description of the scene in a single paragraph.

Context (Question to be answered later): user_content

IMPORTANT: Do not attempt to answer the question or follow any multiple-choice
format now. Your ONLY task is to provide a descriptive caption following these
instructions:

Instructions:

1. Visual-Only Constraint (STRICT):

- Describe ONLY what is directly visible in this specific image.

- If an object mentioned in the Context is NOT visible in this frame, DO NOT
mention it. Do not explain its absence, do not predict its location, and do not
use "if/then” logic.

- STRICTLY PROHIBITED: No spatial reasoning, no logical deductions, and no hints
about the answer. Do not use phrases like "logically,” "should be,” "likely,"
or "based on the perspective.”

2. Entity Hierarchy:

- Use the Context ONLY to prioritize which VISIBLE objects to describe in detail.
- Focus on visible furniture, structural elements (walls, corners, floor), and
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their relative positions.

3. Spatial Flow (Natural Narrative):

- Follow a strict Left-to-Right scanning order from the camera’s perspective.

- Explicitly name the objects or architectural features at the Far Left and Far
Right edges. State if they are "partially visible" or "cut by the frame."”

4. Tone & Format:

- Use neutral, telegraphic prose. No flowery adjectives.
- Output MUST be a single, continuous paragraph. Do not include any commentary,
introductory remarks, or answers to the context question.

Ground Truth
C. left

Question

Standing at desk, gazing at shelves, where should
whiteboard be?

A. Back B. Front C. left D. right

Front

On the far left, a portion of an orange upholstered chair
and a rolled-up cylindrical object rest against a white
wall panel that extends vertically; adjacent to this,
a black cabinet holds a blue spray bottle on its top
surface, with a soccer ball and a deflated pump lying
on the striped purple carpet at its base. Moving right,
two black office chairs with wheeled bases sit before a
long wooden desk against the back wall, which supports
a dark computer monitor and keyboard; above the desk, a
bulletin board displays various papers and small framed
images. To the far right, a built-in wooden shelving
unit with multiple compartments contains scattered items
including bottles and papers, its structure extending
toward the edge of the frame where another partial black
chair leg is visible.

Left

On the far left, a white wall corner is partially visible,
adjacent to a large whiteboard covered in multicolored
writing and diagrams, mounted on the wall. Below the
whiteboard sits a black mini-fridge with a blue spray
bottle and a dark plate on its top surface. To the right
of the fridge, an office chair with a grey backrest and
seat is positioned on a striped carpet, facing a light
wood desk that extends across the mid-right portion of
the frame. On the desk’s far right end, a computer monitor
is partially visible, cut by the frame edge, with some
small items scattered near its base. The wall behind the
desk has a beige upper section and a darker lower panel,
with papers or posters affixed above the desk surface.
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Gemini3-pro

Based on the descriptions provided:

1.Image 1 establishes the layout from left to right: An orange chair and black
cabinet (far left) - Desk with computer (center/right) - Shelves (far right).

2. Image 2 confirms the whiteboard is located above the black cabinet/mini-fridge,
which is to the left of the desk.

If you are standing near the shelves (which are on the far right) and gazing at
the desk (which is in the center), the whiteboard (located above the cabinet on
the far left) would be to the left of the desk and to your left.

Answer: C

Qwen3-30b-a3b-instruct
(no reasoning) A. back

Qwen3-30b-a3b-thinking

Let’s make sure we are not confusing the direction. If we are standing at the
right side of the room (near the shelves) and facing the desk (which is in front
of us, along the back wall), then:

The desk is in front of us.

The left wall (with the whiteboard) is to our left.

The right wall would be behind us? But we are standing near the right wall
(because the shelves are at the far right, so we are at the right wall). so
the right wall is behind us? Actually, we are standing at the right wall, so
the right wall is to our right? Wait, no: if we are standing at the right wall
(meaning we are near the right wall, facing the desk which is in front of us),
then the right wall is to our right? Actually, if we are facing the desk (which
is in front of us). then:

The direction we are facing: forward (toward the desk).

Our left side: toward the left wall.

Our right side: toward the right wall(but we are standing at the right wall,so
the right wall is immediately to our right? Actually, we are standing at the
right wall, so the right wall is behind us? Or we are standing in the room, so
the right wall is to our right?).

C.3.2 Perspective Shift

Task: Act as a 3D Spatial Intelligence Architect. Your goal is to generate a
high-fidelity spatial reasoning benchmark item based on the provided image.
Task Objective: Synthesize a fluid textual description of the scene and a complex
multiple-choice question that necessitates 3D mental modeling (e.g., perspective
transformation or mental rotation).

Step 1: Spatial Encoding (Internal Logic) Before writing, internally establish
a Right-Handed Coordinate System:

- Origin (0,0,0): The observer’s current position.

- +Y Axis: The observer’s initial forward vector.

- +X Axis: To the observer’s right.
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- +Z Axis: Upward.

Step 2: Descriptive Prose (The Caption) Write a single, fluid English paragraph
(no bullets).

- Entity Grounding: Identify key objects using [Color + Functional Name].

- Spatial Anchoring: Define the observer’s initial orientation clearly. Use the
established coordinate logic to describe positions (e.g., "to your front-left,”
"positioned 5 meters ahead on your right flank").

- Orientation: Specify which way target objects (vehicles, etc.) are facing.

- Boundary Anchors: Note objects at the [Far-Left] and [Far-Right] edges as
stitching anchors.

- Noise Filtering: Ignore weather, textures, and watermarks.

Step 3: Question Engineering (The Challenge) Create a multiple-choice question
of one of these types:

1. Mental Rotation: A 90/180/270 degree turn by the observer.

2. Perspective Switching: Reasoning from the POV of another object/entity in the
scene.

3. Geometric Prediction: Determining visibility or collision after a specific
movement. Requirement: The question must require a 3D mental map. Simple 2D
keyword matching must fail.

Step 4: Output Format (Strict JSON) Output ONLY a JSON object with these keys:
- caption: The fluid descriptive paragraph.

- question_type: Choose from ["Mental Rotation”, "Perspective Shift"”, "Spatial
Navigation"].

- question: The multiple-choice question with four options (A, B, C, D).

- options: {"A": "...", "B": "...", "C": "...", "D": "..."}

answer: The correct option letter.

- derivation: A rigorous geometric proof. Must include simplified relative
coordinates (e.g., "Initial: Object at (+1, 2); After 180° rotation: Object at
(-1, -2)") to justify the answer.

C.3.3 Pure Mental Rotation

Task: Act as a precise LEGO spatial annotator. Your goal is to provide a
compressed, fluid, and spatially accurate English paragraph that describes the
visible geometry of the scene.

Question to be answered later: user_content

IMPORTANT - STRICT CONSTRAINTS:

1. NO ANALYSIS OR INFERENCE: You must ONLY describe what is visually present.
DO NOT use words like "suggesting,” "indicating,"” "implies,"” "perspective,”
"angle,” or "view.” DO NOT summarize the scene’s orientation at the end.

2. NO SPOILERS: Do not explicitly state if the view is top-down, side, or front.
Just describe the exposed surfaces (studs vs. sides).

3. NO COUNTING: Do not count objects. Focus on their spatial relationships.

Instructions for Description:

1. Spatial Flow (Natural Narrative):

- Write as a single, continuous prose paragraph.

- Follow a strict Left-to-Right scanning order. Start with the object on the far
left and move across the scene to the far right.
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- Use transitional phrases to link objects, such as "Moving to the right,”
"Adjacent to this,” "Positioned behind the green tree,” or "To the immediate
right.”
2. LEGO Geometry & Visual Facts (The "What", not the "Why"):
- Describe the visible surfaces strictly as visual facts:

- Studs vs. Sides: State clearly if you see the grid of circular studs

on top surfaces OR the smooth vertical sides of bricks. (e.g., "The red
roof shows a grid of studs” vs "The red wall shows smooth vertical brick
seams”).

- Slopes: For sloped parts, describe if the flat slope face is visible or
its stepped side profile.
- Baseplate: Describe the visible shape of the white ground (e.g., "curved
edge baseplate,” "studs visible on the ground”).
3. Occlusion & Depth (Stitching Logic):
- Instead of inferring depth, describe blockage.
- Explicitly state if one object obscures another (e.g., "A green tree partially
blocks the left side of the red house"”).
- Mention boundary anchors: Clearly name the objects at the Far Left and Far
Right edges of the frame.
4. Style & Tone:
- Telegraphic yet Fluent: Avoid flowery adjectives. Be clinical and geometric.
- No Commentary: Do not say "The image displays...” or "In this scene..."”. Start
directly with the description of the leftmost object.
Example of expected output (Strictly descriptive, NO analysis):
"At the far left edge, a small green pine tree is visible, displaying its
layered conical shape with smooth vertical edges. Moving slightly right and
further back, a large red structure is positioned; the smooth vertical sides of
the red bricks are fully exposed, while the roof area shows a stepped profile
rather than a flat slope. To the right of the red structure, a brown cylinder is
partially obscured by the red wall. The white baseplate in the foreground shows
a smooth vertical rim, with no studs visible on the ground surface. On the far
right, the edge of a second green tree is partially cut off by the frame."
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Ground Truth
C

Question

You are a specialized LEGO 3D spatial reasoning assistant.
Your primary task is to identify the correct perspective
of a LEGO scene based strictly on textual descriptions.
You will be provided with a ’Scene Overview Description’
and four ’View Descriptions’ (A, B, C, D) showing
the LEGO object from different viewpoints. Your goal
is to determine which option corresponds to one of
the following perspectives: top-down, left-to-right,
right-to-left, or front-to-back. Your answers should be
based solely on the provided text, using spatial logic
to visualize the object. Please respond with only the
letter corresponding to your choice (A, B, C, or D).
Based on the Scene Overview Description, which of the
following View Descriptions matches the scene viewed
from a <front-to-back> perspective?

Overview

At the far left edge, a red rectangular plate is visible,
showing its smooth vertical side with no studs exposed.
Adjacent to this, a gray cylindrical piece connects to
a red axle extending horizontally to the right. Moving
further right, two parallel red axles are positioned, one
above the other, both displaying their smooth cylindrical
surfaces. At the far right, a large black circular saw
blade is prominent, featuring sharp triangular teeth
around its perimeter and a smooth central disc; the
front face of the blade is fully visible, with no rear
structure apparent. The white baseplate beneath shows a
smooth, flat surface with no studs visible, and a faint
gray shadow extends from the object toward the bottom
right corner.

A

At the far left edge, a red curved panel is visible,
displaying its smooth vertical side with no studs. Moving
to the right, a central gray rectangular plate is
positioned, showing its top surface with a grid of
circular studs and a small round stud at its center.
Adjacent to this on the right, another red curved panel
mirrors the left one, also showing its smooth vertical
side. Extending vertically above and below the central
gray plate are two dark gray cylindrical elements, each
displaying their smooth vertical sides; the upper pair
points upward while the lower pair points downward. The
white background is uniform and featureless, providing
no additional surface details.
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B

At the far left edge, a red circular baseplate is visible,
showing its smooth outer rim with no studs exposed on the
ground surface. Moving to the right, two parallel black
vertical elements extend upward from the center of the
baseplate; their smooth side profiles are fully visible,
with no top studs or sloped faces apparent. Adjacent to
these black elements, a central red rectangular section
is positioned, displaying its smooth vertical brick seams
rather than any stud grid. To the immediate right of this
red section, another identical red rectangular segment
mirrors its orientation and surface exposure. The entire
assembly is centered against a plain white background,
with no additional objects or occlusions present beyond
the described components. On the far right, the edge
of the second red rectangular segment terminates at the
frame boundary.

c

At the far left edge, a red brick assembly is
visible, showing its smooth vertical side with a single
black spherical stud protruding from its leftmost face.
Adjacent to this, a gray plate is connected, displaying
its smooth vertical surface and a central circular hole
with a plus-shaped indentation. Moving to the right, a
long red cylindrical axle extends horizontally, revealing
its segmented smooth sides. At the far right, a large
circular gray saw blade is positioned, showing its flat
face with multiple triangular teeth radiating outward;
the central hub of the blade is aligned with the red axle
and displays a small circular hole. The white background
is featureless and provides no visible baseplate or ground
surface.

D

At the far left edge, a small black spherical stud is
visible, attached to a vertical red brick face showing
smooth vertical seams. Moving to the right, a larger
red rectangular structure extends horizontally, its top
surface displaying a grid of circular studs. Adjacent to
this, a central white rectangular block is positioned,
its top surface also showing a stud grid, partially
obscured by the red structure above it. Further right, a
series of parallel gray flat plates extend outward, their
top surfaces visible with no studs, appearing as smooth
horizontal planes. Behind these gray plates, a faint gray
silhouette forms a backdrop, partially blocking the rear
elements. On the far right, the gray plates terminate
at a sharp edge, with no additional components extending
beyond.
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Gemini3-pro

Based on the provided Scene Overview Description, the correct View Description
is Option C.

Here is the reasoning:

1. Object Identification: The Scene Overview describes a mechanism involving

a "red rectangular plate,” "red axle,” and a "large circular saw blade” with
teeth.
Option C is the only option that describes this specific assembly, mentioning a

n n n

"red brick assembly, red cylindrical axle ,"” and a "circular... saw blade."
Option A describes a symmetrical structure with curved panels and vertical
cylinders (no saw blade).

Option B describes a vertical structure with black elements and red rectangular
sections (no saw blade).

Option D describes a structure with spherical studs, white blocks, and flat
plates (no saw blade).

2. Spatial Arrangement: The sequence in the Overview flows from Left to Right:
Red element -+ Gray connection -+ Red Axle -+ Saw Blade.

Option C follows this exact sequence: "Red brick assembly” (Left) - "Gray
plate”(Next) - "Red cylindrical axle” (Right) - "Circular... saw blade” (Far
Right).

3. Discrepancy Note: While the Overview describes the saw blade as "black”
and Option C describes it as "gray,” and there are minor differences in the
description of the connecting piece (cylinder vs. plate), Option C is the
only option that references the defining feature of the scene (the saw blade
mechanism), Options A. B, and D describe completely different objects.

Answer: C

Qwen3-30b-a3b-instruct

Looking again at Option C: It mentions a red cylindrical axle extending
horizontally, and a gray saw blade on the far right. The saw blade is described
a shaving triangular teeth and a central hub aligned with the axle. The Scene’s
saw blade is black, but Option C says gray. However, maybe the color difference
isn’t critical if the structure matches. Also, the red rectangular plate on the
left in the Scene is described as smooth vertical side, which in Option C is a
red brick assembly with a black stud. Not sure if that’s a match.

Option D mentions a red structure with a stud grid, but the Scene’s baseplate is
white and smooth.

Option B has a red rectangular structure but not the axles or saw blade.

Option C seems to have the key elements: axle and saw blade. The gray plate with
a hole might correspond to the gray cylindrical piece mentioned. The red brick
assembly on the left could be the red rectangular plate. The saw blade is on
the far right. Even though the color of the saw blade is different, maybe that’s
acceptable. Also, the Scene mentions a white baseplate, but Option C says "white
background,” which might be similar.

Alternatively,maybe Option D? Let me check again.

Option D’s description includes a red structure with a stud grid, but the Scene’s
baseplate is smooth. The saw blade isn’t there.

So,considering all,Option C might be the closest, even with the color discrepancy.
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The key elements of the axle and saw blade are present. The gray plate with a
hole could be the gray cylindrical piece. The red brick assembly on the left
could be the red rectangular plate. The white background might correspond to the
white baseplate.

Therefore, the answer is C.

C.4 Embodied & Fine-grained
C.4.1 Hand-Object Interaction

1. Single View

You are an intelligent visual assistant specialized in spatial reasoning and
perspective transformation.

You are provided with a SINGLE image of a scene.

Your task is to generate a challenging spatial reasoning multiple-choice question
and a strictly descriptive caption.

TASK SPECIFIC: PERSPECTIVE TRANSFORMATION

- The question MUST involve a mental perspective transformation (e.g., "If the
camera rotates 90 degrees to the right...", "If viewed from top-down..."”, "If
the camera moves closer...").

- The answer must be deduced from the current visual information but requires
imagining the scene from a different viewpoint.
- Ask about relative positions of objects after this hypothetical transformation.

CRITICAL CONSTRAINT: NO DATA LEAKAGE

- The caption must NEVER contain the reasoning steps, the conclusion, or the
direct answer to the question.

- The caption must ONLY describe the raw visual facts (positions, coordinates,
visible parts, occlusions) in the current view.

- BAD Caption: "If rotated, the red cube would be on the left.” (Leaks answer)

- GOOD Caption: "A red cube is visible at the bottom-center. A blue sphere is
visible near the top-left, partially obscured by a wire.” (Provides evidence,
requires deduction)

Instructions:
1. Analyze the Image: Observe spatial arrangements, depth cues, and object
relationships.
2. Generate a Question:
- Construct a hypothetical camera movement or perspective change (rotation,
translation, zoom).
- Ask what the spatial relationship between two specific objects would be
after this change.
3. Provide Options:
- 4 distinct options (A, B, C, D). One correct, three plausible distractors.
4. Determine the Answer: Identify the correct option.
5. Generate a Caption:
- Write a detailed, objective description of the visual scene elements in
the provided image.
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- STRICTLY PROHIBITED: Do not mention the hypothetical view or the result
of the transformation.

6. Output Format:
- Return strict JSON.

JSON Structure:

{
"question”: "The question string”,
"options”: {
"A": "Option A text",
"B": "Option B text",
"C": "Option C text",
"D": "Option D text”
s
"answer”: "A",
"caption”: "The objective, non-leaking descriptive caption of the current
view",
"reasoning”: "Internal reasoning for the answer”
}

2. Multi-View

You are an intelligent visual assistant specialized in multi-view spatial
reasoning.

You are provided with multiple captions, each describing a different view of the
SAME scene.

Your task is to synthesize these captions to generate a challenging spatial
reasoning multiple-choice question.

TASK SPECIFIC: MULTI-VIEW INTEGRATION

- The question must require integrating information from multiple views to
answer.

- Examples: Reconstructing the 3D layout, identifying an object that is only
visible in one view but relates to an object in another, or determining the
camera trajectory between views.

Instructions:
1. Analyze the Captions: Understand the scene structure from the provided
descriptions of different views.
2. Generate a Question:
- Create a question that CANNOT be answered by looking at a single view
alone.
- It should test the user’s ability to build a mental 3D model of the scene.
3. Provide Options:
- 4 distinct options (A, B, C, D). One correct, three plausible distractors.
4. Determine the Answer: Identify the correct option.
5. OQutput Format:
- Return strict JSON.

JSON Structure:
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"question”: "The question string”,
"options": {

"A": "Option A text",
"B": "Option B text”,
"C": "Option C text",
"D": "Option D text”
I
"answer”: "A",
"reasoning”: "Internal reasoning for the
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answer”



