
SpatialScore: Towards Comprehensive Evaluation for Spatial Intelligence

Supplementary Material

Contents

A. Limitations & Future Works 2
A.1. Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
A.2. Future Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

B. Additional Data Details 2
B.1. Annotation Quality Issues in Existing Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
B.2. Data Construction Details . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
B.3. Data Statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
B.4. Additional Representative Visualizations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

C. More Implementation Details 11
C.1. SpatialScore Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
C.2. Supervised Fine-tuning with SpatialCorpus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
C.3. SpatialAgent Development . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
C.4. Toolbox Specifications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

D. More Experiment Results 27
D.1. Additional Quantitative Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
D.2. Additional Qualitative Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27



A. Limitations & Future Works

A.1. Limitations
While SpatialScore offers a comprehensive and diverse evaluation framework for spatial intelligence, SpatialCorpus pro-
vides large-scale, high-quality training samples for spatial understanding tasks, and SpatialAgent demonstrates promising
improvements with a multi-agent system, our work is not without its limitations. Although SpatialScore covers evaluation
across single-image, multi-frame sequences, and videos, it primarily relies on RGB frames, still lacking samples that take
point clouds, depth maps, or surface normals as input. Likewise, despite the effectiveness of SpatialCorpus, its diversity is still
limited and cannot fully cover the breadth of spatial understanding tasks, leading to biased performance gains in fine-tuned
models. Moreover, while SpatialAgent effectively boosts spatial understanding capabilities of MLLMs in a training-free
manner by leveraging specialized tools, its current toolbox remains relatively rudimentary, and fundamental advances in
spatial perception abilities of MLLMs are still required. These gaps are left for future work.

A.2. Future Works
To tackle the potential limitations, we outline several promising directions for advancing spatial intelligence: (i) beyond RGB
images/videos from existing datasets, incorporating diverse in-the-wild data and direct 3D inputs (e.g., point clouds and depth
maps) will further enhance the evaluation of spatial understanding capabilities and drive progress in related research areas;
(ii) expanding training samples to cover a broader range of task categories (e.g., counting, orientation) may enable more stable
and comprehensive improvements in spatial reasoning tasks through supervised fine-tuning; (iii) enriching the toolbox with
more robust expert models and facilitating better multi-agent collaboration will yield more reliable spatial reasoning systems;
and (iv) substantial and holistic improvements in the spatial intelligence of multimodal large language models (MLLMs) still
require deeper, foundational advances, such as equipping models with essential 3D representational understanding.

B. Additional Data Details

In this section, we provide additional details about our established SpatialScore benchmark and the SpatialCorpus training
resources. Specifically, in Sec. B.1, we present several examples of inaccurate annotations found in existing datasets, high-
lighting the motivation and necessity for our thorough manual verification; Next, we elaborate on how we repurpose existing
3D annotations into spatial-intelligence QA pairs in Sec B.2; Then, Sec B.3 presents more detailed statistics and analyses for
both SpatialScore and SpatialCorpus; Finally, we include additional representative visualization examples in Sec B.4.

Question: How many rugs 
are in the image?
A: 3;   B: 1;    
C: 0;   D: 2

Ground Truth: B.

Question: The right image 
contains two dogs wearing life 
vests. Is it true or false?
A: True;   B: False;

Ground Truth: A.

Question: Is the helmet 
on the man? Answer 
with Yes or No.

Ground Truth: No.

Question: What is the coordinates 
of the point with coordinates 
([0.465, 0.564]) in Image 1 within 
the Image 2?
A. [0.145, 0.87]; B.[0.947, 0.301];
C. [0.046, 0.995]; D. [0.0, 0.0]

Ground Truth: D.

Question: Determine the hole pattern after 
unfolding a piece of paper. Choose the one 
that accurately shows the pattern of holes 
that would appear on the unfolded paper.
A. (A);    B. (B);    C. (C)

Ground Truth: B.

Question: Can the 
shampoo fit left of the 
toilet? 
Answer yes or no.

Ground Truth: No.

Figure 1. Annotation Issues in Existing Benchmarks. We observe that existing datasets contain various annotation errors or ambiguities,
including those found in CV-Bench [21], SpatialSense [28], MMIU [15], SRBench [14], SITE-Bench [23], and RoboSpatial-Home [18].

B.1. Annotation Quality Issues in Existing Datasets
As depicted in Fig. 1, we first observe that existing spatial intelligence benchmarks contain numerous inaccurately anno-
tated samples, which can undermine fair evaluation of model performance. This motivates two key steps in constructing
SpatialScore: (i) creating new evaluation samples using high-quality 3D annotations, and (ii) integrating existing bench-
marks while manually verifying and filtering their samples to ensure high quality and sufficient challenge. Consequently,
we develop SpatialScore, the most comprehensive and diverse spatial understanding benchmark to date, comprising 5,025
manually validated samples spanning 30 tasks across 10 categories, providing a comprehensive foundation for evaluating the
spatial intelligence of current MLLMs.



B.2. Data Construction Details
Repurpose 3D Data for SpatialScore. Considering that ScanNet has been widely used in prior work [6, 11, 15, 32] and may
already be included in the training data of existing models, we intentionally avoid using such heavily reused datasets as meta-
data for constructing our data. Instead, we first sample 500 scenes from ScanNet++ [30], Omni3D [4], PointOdyssey [33],
WildRGB-D [25], and CA-1M [10], and convert their original annotated metadata into question–answer pairs. After extract-
ing essential key information from each scene, we generate corresponding questions and contexts using predefined templates
for each task, as presented below.

Task 1: Object Existence.
Using the data from Omni3D [4], we construct samples for the object existence task, i.e., determining whether a specific

object category appears in an image, based on the following question templates:

IS THERE: ["Is there any {category} present in the image?"]
DOES CONTAIN: ["Does the image contain any {category}?"]
IS VISIBLE: ["Is any {category} visible in this image?"]
CAN YOU SEE: ["Can you see any {category} in this image?"]

Task 2: 3D Object Detection.
We adopt the 3D bounding-box annotations from Omni3D [4] and CA-1M [10] (represented by the coordinates of eight

3D corner points) to construct samples for this task, and generate distractors by adding small random noise to each coordinate
of the ground-truth box.

DETECT 3D BBOX: [
"Detect the 3D bounding box of the {object name} in the image.",
"Provide the 3D bounding box for the {object name}.",
"What is the 3D bounding box of the {object name}?",
"Locate the {object name} and output its 3D bounding box.",
"Output the 3D bounding box coordinates for the {object name}."

]
PROVIDE 3D BBOX: [

"Can you provide the 3D bounding box of the {object name}?",
"Please detect and output the 3D bounding box for the {object name}.",
"Identify the {object name} and provide its 3D bounding box coordinates.",
"What are the 3D coordinates of the {object name}’s bounding box?"

]
WHAT IS 3D BBOX: [

"What is the 3D bounding box of the {object name}?",
"Where is the {object name} located in 3D space? Provide its bounding box.",
"Determine the 3D bounding box coordinates for the {object name}."

]

Task 3-5: Absolute Depth & Absolute Distance & Absolute Size.
We construct these metric-based task samples (typically using units such as meters, feet, or centimeters) from the 3D

bounding-box data in the Omni3D [4] and CA-1M [10] datasets. For distractors, we first generate one value very close to the
correct answer (usually within 85%–95% or 105%–115% of the ground truth). We then create additional distractors within
the broader ranges of 50%–90% and 110%–180% of the correct value. If the above strategy does not yield enough distractors,
we generate additional ones by simply adding or subtracting fixed values (e.g., 0.5 or 1.0) from the correct answer.

### Absolute Depth:
HOW FAR: [

"How far is the {object name} from the camera?",
"What is the distance of the {object name} from the camera?",
"How far away is the {object name}?"

],
DISTANCE FROM CAMERA: [

"What is the approximate distance from the camera to the {object name}?",
"How many {unit} away is the {object name} from the camera?",



"At what distance is the {object name} located from the camera?"
],
APPROXIMATE DISTANCE: [

"Approximately how far is the {object name}?",
"What is the rough distance to the {object name}?",
"How far would you estimate the {object name} to be?"

]

### Absolute Distance:
[

"What is the distance between the {object1} and the {object2}?",
"How far apart are the {object1} and the {object2}?",
"What is the approximate distance from the {object1} to the {object2}?",
"How much distance separates the {object1} and the {object2}?",
"What is the spatial separation between the {object1} and the {object2}?"

]

### Absolute Size:
WHAT IS DIMENSION: [

"What is the {dimension} of the {object name}?",
"What is the {dimension} {dimension type} of the {object name}?",
"How much is the {dimension} of the {object name}?"

],
HOW DIMENSION: [

"How {dimension} is the {object name}?",
"How {dimension adj} is the {object name}?",

],
DIMENSION OF OBJECT: [

"What is the {object name}’s {dimension}?",
"How would you measure the {dimension} of the {object name}?",
"What dimension represents the {dimension} of the {object name}?"

]

Task 6-8: Relative Depth & Relative Distance & Relative Size.
These tasks involving relative comparisons can likewise be constructed from the metadata of Omni3D [4] and CA-1M [10],

and the distractors can be easily generated by simply selecting metadata corresponding to other objects or points.

### Relative Depth:
[

"Which object is closest to the camera?",
"Among the following objects, which one is nearest to the camera?",
"Which of these objects has the shortest distance from the camera?",
"Select the object that is closest to the camera:",
"Which object appears closest in the image?"

]

### Relative Distance:
[

"Among the following objects, which one is closest to the {reference}?",
"Which object has the shortest distance to the {reference}?",
"Select the object that is nearest to the {reference}:",
"Which of these objects is closest to the {reference}?",
"What object is positioned closest to the {reference}?"

]

### Relative Size:
(ComparisonDimension.HEIGHT, ComparisonType.LARGER): [

"Which object is taller, the {object1} or the {object2}?",
"Between the {object1} and the {object2}, which one is higher?",
"Which is taller: the {object1} or the {object2}?",
"Compare the height of the {object1} and the {object2}. Which one is taller?"

],
(ComparisonDimension.WIDTH, ComparisonType.LARGER): [



"Which object is wider, the {object1} or the {object2}?",
"Between the {object1} and the {object2}, which one is wider?",
"Which is wider: the {object1} or the {object2}?",
"Compare the width of the {object1} and the {object2}. Which one is wider?"

],
(ComparisonDimension.LENGTH, ComparisonType.LARGER): [

"Which object is longer, the {object1} or the {object2}?",
"Between the {object1} and the {object2}, which one is longer?",
"Which is longer: the {object1} or the {object2}?",
"Compare the length of the {object1} and the {object2}. Which one is longer?"

],
(ComparisonDimension.HEIGHT, ComparisonType.SMALLER): [

"Which object is shorter, the {object1} or the {object2}?",
"Between the {object1} and the {object2}, which one is lower?",
"Which is shorter: the {object1} or the {object2}?",
"Compare the height of the {object1} and the {object2}. Which one is shorter?"

],
(ComparisonDimension.WIDTH, ComparisonType.SMALLER): [

"Which object is narrower, the {object1} or the {object2}?",
"Between the {object1} and the {object2}, which one is narrower?",
"Which is narrower: the {object1} or the {object2}?",
"Compare the width of the {object1} and the {object2}. Which one is narrower?"

],
(ComparisonDimension.LENGTH, ComparisonType.SMALLER): [

"Which object is shorter in length, the {object1} or the {object2}?",
"Between the {object1} and the {object2}, which one is shorter?",
"Which is shorter: the {object1} or the {object2}?",
"Compare the length of the {object1} and the {object2}. Which one is shorter?"

]

Task 9: Camera Intrinsics.
Our considered available 3D annotations all provide camera intrinsics information. For distractors, we generate random

values within predefined proportional ranges: for focal lengths (fx and fy), principal-point coordinates (cx and cy), and the
skew parameter (s), we randomly sample distractors using variance ratios of 0.25, 0.20, and 0.10, respectively.

FOCAL LENGTH: [
"What is the camera’s focal length in pixels?",
"What is the focal length of the camera?",
"Can you determine the camera’s focal length?"

]
PRINCIPAL POINT: [

"What are the image center coordinates in the camera intrinsics?",
"What is the principal point of the camera?",
"What are the coordinates of the image center?"

]
FOCAL LENGTH X: [

"What is the horizontal focal length (fx) in pixels?",
"What is the camera’s focal length in the x-direction?",
"Can you determine the horizontal focal length?"

]
FOCAL LENGTH Y: [

"What is the vertical focal length (fy) in pixels?",
"What is the camera’s focal length in the y-direction?",
"Can you determine the vertical focal length?" ]

ASPECT RATIO: [
"What is the aspect ratio of the camera’s focal lengths (fx/fy)?",
"What is the ratio between horizontal and vertical focal lengths?",
"Can you calculate the aspect ratio from the camera intrinsics?"

]

Task 10: Camera Extrinsics.
Constructing samples for camera extrinsic estimation requires the annotations from CA-1M [10], ScanNet++ [30], and



WildRGB-D [25]. For distractors, we randomly choose from three strategies: (i) Axis swapping or sign flipping: randomly
swap axes of the rotation matrix or flip the sign of an axis while keeping the matrix orthogonal. (ii) Translation vector pertur-
bation: keep the rotation unchanged and add random noise to the translation vector. and (iii) Small rotational perturbation:
apply a slight rotational disturbance to the original rotation matrix to produce a new, approximately orthogonal matrix.

[
"What is the transformation matrix from the first camera coordinate system to the second

camera coordinate system in OpenCV convention?",
"Can you provide the relative transformation matrix between the two camera poses in OpenCV

convention?",
"What is the 4x4 transformation matrix that transforms coordinates from the first camera

frame to the second camera frame in OpenCV convention?",
"Please calculate the extrinsic transformation matrix from camera 1 to camera 2 in OpenCV

convention.",
]

Task 11: Camera Motion.
The camera motion task is derived from camera extrinsics. We first identify the axes with the most significant rotational

or translational changes. If the dominant motion exceeds a high threshold (e.g., rotation greater than 10°), it is considered a
salient motion to be described. If the motion is below a low threshold (e.g., rotation less than 5°), the camera is treated as
stationary along that axis. Motions falling in between are ignored in the correct answer but may be used when generating
distractors. Each degree of freedom (roll, pitch, yaw, x, y, z) is labeled with a state (changed, ignored, stationary) and a
direction (e.g., left, up, forward). A standardized, human-readable description is then produced as the correct answer. For
example, if roll changes significantly to the left and translation moves significantly backward, the output becomes: “The
camera rolled left and moved backward.”

Distractors are generated using the following strategies: (i) Opposite motion: For true motions (state = changed), there
is a 70% chance of describing them with the opposite direction. (ii) Omission: For true motions, there is a 30% chance
of omitting them entirely and treating the camera as stationary. and (iii) Fabrication: For ignored minor motions (state =
ignored), there is a 30% chance of fabricating a new motion. These incorrect motion fragments (e.g., “moved backward,”
“pitched up”) are combined into complete sentences. If all true motions are omitted, a fallback option “The camera remained
stationary.” is generated. Finally, distractors that duplicate each other or the correct answer are removed. If the remaining
number is insufficient, additional distractors are sampled from a preset list of generic motions (e.g., “The camera moved
forward.”) to ensure adequate coverage.

multi choice: [
"Which best describes the camera motion between these two images?",
"How did the camera primarily move?",
"What type of camera movement occurred?",
"Which motion pattern best matches the camera transformation?",

]
open ended: [

"What kind of camera motion occurred between the two images?",
"Describe the relative motion of the camera from the first image to the second image.",
"How did the camera move between these two frames?",
"Can you describe the camera movement between the two views?",
"What is the camera’s motion from the first view to the second view?",

]

Task 12: Point Tracking.
We construct point tracking samples by leveraging the metadata from CA-1M [10], PointOdyssey [33], and

WildRGB-D [25] to establish correspondences across multiple images. For distractors, we randomly select other
non-corresponding points from the images.

[
"In the first image, there is a point at coordinates ({x1}, {y1}). Which point in the second

image corresponds to this tracked point?",



"Given a point at position ({x1}, {y1}) in image 1, which of the following coordinates in
image 2 represents the same tracked point?",

"A point is tracked from image 1 at ({x1}, {y1}). Where does this point appear in image 2?",
"Tracking point from image 1: ({x1}, {y1}). Select its corresponding location in image 2:"

]

Task 13: Homography Matrix.
Data for the homography matrix task can be easily constructed from all available metadata, and multiple additional ho-

mography matrices can be randomly generated as distractors. The corresponding question templates are shown below.

[
"What is the homography matrix that transforms the original image to the given transformed

image?",
"Please provide the 3x3 homography transformation matrix between the original and transformed

images.",
"Calculate the homography matrix that maps the original image to the transformed version.",
"What is the perspective transformation matrix from the original image to the transformed

image?"
]

Moreover, to boost the linguistic diversity of QA pairs while preserving semantic integrity, we employ DeepSeek-V3 [12]
to systematically rephrase questions, generate distractors, and convert question types, using the following prompts:

### For rephrasing open-ended questions:
Please rephrase the following question while maintaining its original meaning. Requirements:
1. Keep the core meaning of the question unchanged
2. Use natural and fluent language
3. Return only the rephrased question, nothing else
Original question: {question}
Rephrased question:

### For rephrasing multi-choice questions:
Please rephrase the following multiple-choice question while maintaining its original meaning.

Requirements:
1. Keep the core meaning of the question unchanged
2. If there is an instruction phrase like "Select from the following choices", keep it
3. Use natural and fluent language
4. Return only the rephrased question, nothing else
Original question: {question}
Rephrased question:

### For generating distractor options:
Based on the following question and correct answer, generate num options options (including the

correct answer). Requirements:
1. Options should be reasonable and have distraction value
2. The correct answer is: {correct answer}
3. Other options should be incorrect but plausible answers
4. Return in JSON format: {"options": ["option1", "option2", ...]}
5. Return only JSON, nothing else
Question: {question}
Correct answer: {correct answer}
Required answer: {required ans}
Generated options:

### For converting questions into judgment questions:
Convert the following question to a yes/no question format. Requirements:
1. Keep the core meaning unchanged.
2. The question should be answerable with yes or no.
3. The converted question should be as specific as possible, directly incorporating relevant

details and data points (e.g., specific values, coordinates, identifiers) from the original
question or answer. Avoid asking general questions about detection, presence, or existence if



more specific information can be queried.
4. Based on the original answer "{correct answer}", determine if the yes/no answer should be

"yes" or "no".
5. Return in JSON format: {"question": "yes/no question", "answer": "yes or no"}.
6. Return only JSON, nothing else.
Original question: {question}
Original answer: {correct answer}
Required answer: {required ans}
Converted question:

Scaling Data for SpatialCorpus. Building on the automated pipeline that repurposes 3D annotations into spatial understand-
ing question–answer pairs, we employ the metadata of the training sets of ScanNet++ [30], Omni3D [4], WildRGB-D [25],
and PointOdyssey [33] to create additional training samples. Note that CA-1M [10] is excluded at this stage since it only con-
tains class-agnostic object annotations. We enhance data diversity by designing richer question templates, thereby avoiding
the heavy cost of large-scale LLM-based rephrasing.

Additionally, to further improve model performance on tasks related to mental animation, we utilize simulators to generate
scalable data for spatial map, multi-view projection, and 2D/3D rotations. For these mental animation tasks, distractors
are constructed as follows: (i) Spatial Map: We randomly place several non-overlapping locations on a map and compute
directional relations based on their coordinates. From this, we generate four types of multi-choice questions: determining
directional relations, finding an object in a specified direction, counting objects in a given direction, and identifying the
nearest object. Each question contains exactly one correct answer and spans diverse spatial-relation types. (ii) 2D Rotation:
We generate a colored grid reference image with no rotational or mirror symmetry, create a single correct option by rotating
it (90°/180°/270°), and add three distractors (e.g., flipped or color-shifted versions). All distractors are guaranteed not
to match the reference under any rotation, ensuring a strictly single-answer setting. and (iii) 3D Rotation: We construct a
colored voxel-based 3D shape without self-symmetry. The correct option is obtained via one of the 24 valid rotation matrices,
while distractors include shapes with different voxel counts, mismatched colors, or altered spatial layouts with the same voxel
count. Only the correct option remains equivalent to the reference under valid 3D rotations.

The corresponding question templates are provided below:

### Spatial Map:
1. direction relation: "question": "In which direction is {q1 p1} relative to {q1 p2}?

{DIRECTION RULE}"
2. find object: "question": "Which object is in the {target dir} of {q2 p1}?

{DIRECTION RULE}"
3. count objects: "question": "How many objects are in the {q3 target dir} of {q3 p1}?

{DIRECTION RULE}"
4. closest object: "question": "Which object is closest to {q4 p1}?"

### Multi-view Projection:
1. view identification: "The first image shows a 3D view of the scene, while the second shows

one of the three orthographic views of this 3D scene. What type of view is displayed in the
second image? The front view is observed from the positive direction of the Y-axis toward the
negative direction, the left view is observed from the positive direction of the X-axis toward
the negative direction, and the top view is observed from the positive direction of the Z-axis
toward the negative direction."
2. view matching: "Which option shows the {target view} view of the 3D scene?" The front

view is observed from the positive direction of the Y-axis toward the negative direction, the
left view is observed from the positive direction of the X-axis toward the negative direction,
and the top view is observed from the positive direction of the Z-axis toward the negative
direction."
### 2D Rotation:
"Which option is the rotated version of the reference shape?"

### 3D Rotation:
"Which option is the rotated version of the reference 3D shape?"

B.3. Data Statistics
We provide the details on the distributions of question formats, input modalities, data sources, and the samples across cat-
egories and tasks for SpatialCorpus and SpatialScore in Tab. 1 and Tab. 2, respectively. Then we further visualize the



Table 1. Data Statistics of SpatialCorpus.

Question Type

Multi-choice 262,601
Judgment 9,776
Open-ended 58,425

Input Modalities

Single-image 270,812
Multi-image 59,990

Categories

Mental Animation 57,997
Depth Estimation 57,843
Object Distance 51,596
Object Motion 20,000
Object Size 21,614
Camera 81,976
Object Localization 39,776

Tasks

Spatial Map 40,000 Relative Size 11,841
Multi-view Projection 7,998 Absolute Size 9,773
2D/3D Rotation 9,999 Camera Intrinsics 49,984
Absolute Depth 32,594 Camera Extrinsics 4,997
Relative Depth 25,249 Camera Motion 4,997
Absolute Distance 25,712 Homography Matrix 21,998
Relative Distance 25,884 Object Existence 9,776
Point Tracking 20,000 3D Object Detection 30,000

Total: 330,802

Table 2. Data Statistics of SpatialScore. Here, SpatialScore-Repurpose denotes the newly constructed samples based on 3D annotations.

Question Type

Multi-choice 3,686
Judgment 463
Open-ended 876

Input Modalities

Single-image 2,493
Multi-image 1,339
Video 1,193

Data Sources

SpatialScore-Repurpose 1,091 CV-Bench 171 QSpatialBench 39
VSI-Bench 876 Space-10 169 RoboSpatial 35
MMIU 419 BLINK 143 SpatialBench 27
SPAR-Bench 475 SpatialSense 124 VSR 21
SpatialEval 293 VLM4D 116 MIRAGE 20
3DSRBench 266 SpatialViz 114 RealWorldQA 11
SITE-Bench 233 MMSI-Bench 69 MMVP 5
OmniSpatial 205 SRBench 54 STI-Bench 49

Categories

Mental Animation 447
Counting 315
Depth Estimation 520
Object Distance 576
Object Motion 415
View Reasoning 446
Object Size 559
Camera 778
Temporal Reasoning 272
Object Localization 697

Tasks

Spatial Map 220 Absolute Distance 313 Camera Intrinsics 112
Maze Navigation 115 Relative Distance 263 Camera Extrinsics 246
Multi-view Projection 46 Point Tracking 229 Camera Motion 174
Space Folding 20 Object Motion 113 Homography Matrix 246
2D/3D Rotation 46 Velocity Estimation 73 Navigation Route 105
Object Counting 154 View Perspective 235 Appearance Order 167
Video Counting 111 Orientation 211 Object Existence 220
Count with Relation 50 Relative Size 189 2D Localization 50
Absolute Depth 325 Absolute Size 281 3D Object Detection 212
Relative Depth 195 Size Compatibility 89 Spatial Position 215

Total: 5,025

distributions of data sources, as well as the distributions across categories and tasks within SpatialScore, in Fig. 2. Here, we
denote the newly constructed samples repurposed from 3D annotations as SpatialScore-Repurpose.

By integrating these data and conducting manual verification, SpatialScore encompasses a wide range of spatial intelli-
gence tasks with diverse question–answering formats (judgment, multiple-choice, and open-ended) and input modalities (sin-
gle image, multi-frame sequence, and video), establishing the most comprehensive and heterogeneous benchmark for spatial



Figure 2. Data Sources and Task Category Statistics Visualization of SpatialScore. Here, we denote the newly constructed samples
repurposed from 3D annotations as SpatialScore-Repurpose.

understanding to date. This makes it an effective testbed for evaluating the spatial reasoning capabilities of current MLLMs.
We believe this advancement will further drive research progress in the field of spatial intelligence.



10. Temporal Reasoning

9. Object Localization8. Camera Pose & Motion

5. Object Motion

6. View Reasoning

7. Object Size

1. Mental Animation

3. Depth Estimation

4. Object Distance

2. Counting

Spatial Map: 
The arrow can move forward, backward, left, or right, where “forward” is 
always the direction it currently faces. After each move, the arrow turns to 
face the direction it just moved. Which of the following paths can move the 
arrow from the start (red) to the end (green)?

A. (Right, 2 units)--(Backward, 1 unit)--(Backward, 1 unit)--(Left, 2 units)
B. (Forward, 2 units)--(Right, 2 units)--(Backward, 1 unit)--(Forward, 1 unit)
C. (Forward, 2 units)--(Right, 2 units)--(Backward, 1 unit)--(Left, 2 units)
D. (Forward, 2 units)--(Right, 2 units)--(Right, 2 units)--(Right, 1 unit)

Ground Truth: D.

Maze Navigation: 
Black blocks are walls, white blocks are open paths. Green is 
the start (S), and red is the end (E). How many total turns are 
there in the provided path (marked by Blue) from S to E?
A. 9;    B. 3;    C. 5;    D. 4

Ground Truth: B.
Multi-view Projection: 
The top row shows the isometric view, front view, and top 
view. Which image in the bottom row is the left view?
A. (A); B. (B); C. (C); D. (D)

Ground Truth: A.

Space Folding: 
The top row shows three consecutive folds of the paper, and 
the final image shows holes punched in the folded sheet. 
Which option shows the paper after it is fully unfolded?
A. (A); B. (B); C. (C); D. (D)

Ground Truth: A.

2D/3D Rotation: 
Which of the options on the right cannot be obtained by 
rotating the original cube stack?
A. (A); B. (B); C. (C); D. All three other options are incorrect

Ground Truth: B.

Object Counting: 
How many zebras 
are in the image?
A. 3;    B. 6;    C. 4; 
D. 0;    E. 5;    F. 2

Ground Truth: C.

Counting with Relation: 
How many words written 
in white chalk are on the 
chalkboard?
A. 2; B. 4; C. 3; D. 5

Ground Truth: C.

Relative Depth:
Which one is nearest 
to the camera?
A. table; B. lamp;    
C. picture

Ground Truth: A.

Absolute Depth: 
Given that toilet paper (red 
point) is at 1.6 meters, predict 
the depth of toilet (blue point). 
The unit is meter. The answer 
should be a single number.

Ground Truth: 1.5

Video Counting: 
How many people are there in the video?
A. 1;    B. 0;    C. 2;    D. 3

Ground Truth: A.

Absolute Distance:
What is the minimum 
distance between the recycle 
bin and the sandwich board 
in the image?

Ground Truth: 44.0 cm

Point Tracking:
Which point 
corresponds to the 
reference point?
A. Point A;
B. Point B;
C. Point C;
D. Point D

Ground Truth: 
C.

Object Motion:
In which direction 
is the person 
moving?
A. Not moving; 
B. Backward; 
C. Left; 
D. Forward

Ground Truth: 
A.

Velocity Estimation:
If the baby elephant reached the camera that captured 
this image in 2 s, what was its speed?
A. 12.7m/s, B. 21.1m/s, C. 24.7m/s, D. 1.1m/s"

Ground Truth: D.

View Perspective:
If I stand at the dog's 
position facing where it is 
facing, is the chair in 
front of me or behind me?
A. in front of; 
B. behind

Ground Truth: B.

Orientation:
Which side of the person 
is facing the camera?
A. front; B. left; 
C. back; D. right

Ground Truth: B.

Absolute Size:
What is the height 
difference between the 
table and the counter in 
the image?

Ground Truth: 13.0 cm

Relative Size:
Which person is taller?
A. The person whose left hand points to the sea.
B. The person whose right hand points to the sea. 
C. They are equally tall. 
D. It can not be decided given the image.

Ground Truth: B.

Size Compatibility:
Can the speaker fit left 
of the cup? 
Answer yes or no.

Ground Truth: Yes.

Camera Intrinsics:
What are the image center coordinates in the camera intrinsics?
A. (556.98, 403.44);    B. (577.99, 341.77); C. (511.50, 383.50);    D.(446.98, 442.76)

Ground Truth: C.

Camera Extrinsics:
Please predict the type and magnitude of the transformation that occurred.
A: {"rot_angle": 12.87, "trans_dx": -43.15, "trans_dy": -64.89, "scale": 1.31}
B: {"rot_angle": -14.96, "trans_dx": 49.62, "trans_dy": -13.94, "scale": 1.49}
C: {"rot_angle": 48.72, "trans_dx": 105.23, "trans_dy": -63.34, "scale": 0.72}
D: {"rot_angle": 173.64, "trans_dx": -7.36, "trans_dy": -51.71, "scale": 1.10}

Ground Truth: C.

Camera Motion:
Is the camera moving 
left or right?
A. Left; B. Right;

Ground Truth: A.

Homography Matrix:
The perspective transformation 
matrix is:
[[1.156, -0.256, 12.557], [0.043, 

1.068, -77.470], [-0.000, -0.000, 
1.000000]], is it true?

Ground Truth: Yes.

Navigation Route:
Beginning at the sink and facing the sink. You need to [please fill in] to navigate to the microwave. 
A. Turn Back;  B. Turn Left;  C. Turn Right

Ground Truth: A.

Appearance Order:
What will be the first-time appearance order of the following categories: basket, toilet, blanket, tv?
A. toilet, basket, blanket, tv;  B. toilet, blanket, basket, tv; 
C. basket, toilet, blanket, tv; D. toilet, basket, tv, blanket

Ground Truth: A.

Object Existence:
Can you see any desk 
in this image?

Ground Truth: Yes.

2D Localization:
Which bounding box more accurately localizes the pillow? 
A. Box A; B. Box B

Ground Truth: A.

Spatial Position:
Is the television on 
the cabinet? 

Ground Truth: Yes.

3D Object Detection:
Determine where the second image’s observer is 
positioned in the first image.
A. Image Coor: (591, 104), Depth: 0.0 meters; 
B. Image Coor: (258, 10), Depth: 0.0 meters; 
C. Image Coor: (529, 443), Depth: 0.0 meters; 
D. Image Coor: (36, 571), Depth: 0.0 meters

Ground Truth: C.

… … …
Relative Distance:
Consider the real-world 3D 
locations of the objects. Which is 
closer to the cow?
A. silver car; B. black motorcycle

Ground Truth: A.

… … … … …
… … … … …

Figure 3. More Representative Examples in SpatialScore. Here, some questions have been slightly rewritten for clarity of presentation.

B.4. Additional Representative Visualizations
We further present representative examples from each task in SpatialScore and SpatialCorpus to demonstrate their compre-
hensiveness and diversity. As depicted in Fig. 3, SpatialScore contains 5,025 samples covering 30 tasks across 10 categories,
while Fig. 4 illustrates that SpatialCorpus includes over 331K samples spanning 16 tasks across 7 categories. This diversity
ensures that SpatialScore serves as the most comprehensive benchmark to date for spatial intelligence, and that SpatialCorpus
provides the high-quality data necessary for supervised fine-tuning (SFT) on spatial reasoning tasks.

C. More Implementation Details
In this section, we provide additional technical details of our work. Concretely, we first describe the evaluation setup used
for the SpatialScore benchmark in Sec C.1; Next, we outline the procedures for supervised fine-tuning with SpatialCorpus in
Sec C.2; Then, we present the development details of SpatialAgent in Sec C.3; Finally, Sec C.4 introduces the design of the
spatial perception expert models included in the toolbox, particularly highlighting instruction prompts.

C.1. SpatialScore Evaluation
Hyper-parameters. To ensure reproducibility, we standardize the following configurations: all models adopt deterministic
sampling (TEMPERATURE=0.0, DO SAMPLE=False) and a maximum output length of 512 tokens, except for reasoning-
oriented models such as KimiVL-16B-A3B-Thinking [19] and LLaMA-3.2V-11B-CoT [26], which are allocated 2048 tokens.
For our SpatialAgent, we set the maximum attempt limit to 3 iterations under the Plan-Execute paradigm and permit 10
dialogue turns for ReAct interactions. To accommodate the extended reasoning requirements in multi-agent collaboration,
the token limit is correspondingly increased to 4096 for these cases. For video inputs, we follow [27] and uniformly sample
32 frames for open-source models. For proprietary models, we provide 16 frames to GPT-5 [16] and Gemini [5, 7], while
Claude-4.5-Sonnet [2] supports only 8 input frames.
Baselines. Our chance-level (Random) baseline is implemented as follows: For judgment and multi-choice questions, we
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Absolute Depth: 
What is the rough distance to the chair? 
A. 2.3 m; B. 2.0 m; 
C. 2.8 m; D. 3.0 m

Ground Truth: C.

Absolute Distance:
What is the spatial separation 
between the lamp and the lamp? 
A. 3.4 m;    B. 3.9 m; 
C. 3.5 m;    D. 4.6 m

Ground Truth: B.

Camera Extrinsics:
What is the transformation matrix 
from the first camera coordinate 
system to the second camera?
A. [[…], […], […], […]];    B. [[…], […], […], 
[…]];    C. [[…], […], […], […]];
D. [[0.994, -0.031, -0.104, -0.016], [0.013, 0.985, 
-0.172, -0.048], [0.108, 0.169, 0.980, -0.106], 
[0.0, 0.0, 0.0, 1.0]]

Ground Truth: C.

Camera Intrinsics:
Can you determine the focal 
length aspect ratio? 
A. 1.060;    B. 1.000; 
C. 0.980;    D. 1.020

Ground Truth: B.

Camera Motion:
What is the camera's motion from 
the first view to the second view?
A. Moved forward.
B. Moved backward and yawed left.
C. Remained stationary.
D. Pitched down and moved right.

Ground Truth: C.

Homography Matrix:
Provide the homography
transformation matrix between the 
original and transformed images.
A. [[0.731, 0.274, -23.236], [-0.086, 1.266, -
64.564], [0.0, 0.0, 1.0]]
B. [[…], […], […]];    C. [[…], […], […]];    
D. [[…], […], […]]

Ground Truth: A.
Object Existence:
Is any window 
visible in this 
image?

Ground Truth:
Yes.

Absolute Size:
How long is the coffee 
maker?

Ground Truth: 0.28 m

Point Tracking:
Given a point at position (249, 56) 
in image 1, which of the following 
coordinates in image 2 represents 
the same tracked point?
A. (A);    B. (B);    
C. (C);    D. (D)

Ground Truth: D.

Relative Depth:
Among the following objects, which 
one is nearest to the camera? 
A. pillow; B. chair; C. bed; D. shelves

Ground Truth: A.

Relative Size:
Compare the height of the 
pillow and the books. Which 
one is shorter? 
A. books; B. pillow

Ground Truth: A.

2D/3D Rotation: 
Which option is the rotated version of the reference 3D shape?
A. (A); B. (B); C. (C); D. (D)

Ground Truth: C.

Spatial Map: 
In which direction is Bright 
Cafe relative to Calm Club?
A. West; B. Northeast; 
C. Northwest; D. North

Ground Truth: D.

3D Object Detection:
Provide the 3D bounding box for 
the chair.
A. [[…], […], […], […], […], […], […], …]]
B. [[-1.031, -0.753, 2.941], [-0.815, -0.519, 
2.426], [-0.93, 0.28, 2.74], [-1.148, 0.046, 
3.256], [-0.424, -0.765, 3.194], [-0.205, -0.531, 
2.679], [-0.32, 0.268, 2.994], [-0.539, 0.034, 
3.509]]
C. [[…], […], […], […], […], […], […], …]]
D. [[…], […], […], […], […], […], […], …]]

Ground Truth: B.

Multi-view Projection: 
The first image shows a 3D scene, and the second shows one of its 
orthographic views. Which view is it?
The front view looks along +Y → –Y, the left view along +X → –X, and the 
top view along +Z → –Z.
A. Top view;       B. Left view;    
C. Front view;    D. Uncertain

Ground Truth: B.

Relative Distance:
Among the following objects, 
which one is closest to the chair? 
A. table;    B. picture;
C. lamp;    D. pillow

Ground Truth: A.

Figure 4. More Representative Examples in SpatialCorpus. Here, some questions have been slightly rewritten for clarity of presentation.

randomly sample an answer based on the number of available options. For open-ended questions, to ensure that the baseline
yields a reasonably meaningful result, we uniformly sample a value within a range of 0.25 to 4 times the ground-truth value
as the final answer. Additionally, we employ a powerful model (i.e., GPT-5 [16]) with text-only input to serve as a blind
baseline. For the human-level evaluation, we invite three PhD students with extensive experience in 3D vision research to
answer the questions using basic computational tools.

Prompts. Since SpatialScore encompasses samples from diverse data sources, covering judgment, multi-choice, and open-
ended questions, we carefully design tailored system prompts for each format to ensure models can properly follow instruc-
tions and produce correctly formatted answers. The detailed prompts are as follows:

For judgment questions, we employ the following prompt to guide models to provide their determined correct answers:

**Please answer with yes or no based on the image.**
**Respond ONLY with ’yes’ or ’no’.**
Question: {question}

For multi-choice questions, we expect models to concisely output their selected option, with the following prompt:

**Please select the most appropriate answer from the given options.**
**Respond ONLY with the capital letter and its parentheses.**
Question: {question}

For open-ended questions, we first address those that require estimating metric-based distances or sizes. In these cases, we
use the following prompt to guide the model to provide both a numerical value and its corresponding unit of measurement.

Please answer the question by measuring the precise distance in 3D space through 2D images or
videos.
Respond ONLY with a numeric answer consisting of a scalar and a distance unit in the format of

**scalar {scalar} distance unit {distance unit}**.
Question: {question}

For other types of open-ended questions, such as counting, we adopt the following prompt:



Please answer the question based on the given image or video.
Respond ONLY with a concise and accurate scalar or a scalar with corresponding unit.**
Question: {question}

Notably, we have carefully designed answer-parsing functions for all models to ensure accurate extraction of final answers.
However, some responses still fail to comply with instruction prompts or result in refusal to answer (primarily in certain fine-
tuned models and smaller-scale architectures). Therefore, when computing overall accuracy, we adopt the following strategy:
For judgment and multi-choice questions, we apply the parsing functions to extract the models’ answers and directly compare
them with the ground truth. For open-ended questions, we report the average Mean Relative Accuracy (MRA) [27] obtained
by two methods: (i) extracting the models’ answers with the parsing function to calculate the score, and (ii) use an off-the-
shelf LLM (GPT-OSS-20B [1]) to score the response with the following prompt:

You are an evaluator.
Your ONLY job is to compute a score using the following algorithm.
Do NOT answer or solve the question.

TASK TYPE:
- If Type == "counting": treat both GT and PRED as plain scalar numbers (no unit conversion).
- If Type == "distance": parse numeric value + unit; if PRED unit is missing, borrow GT unit;
if both are missing and both look like plain numbers, treat as scalar.
- If a numeric RANGE like "10-15" appears, use the MAX value (e.g., 15).

ALGORITHM (VSI-Bench MRA):
1) Compute abs dist norm:
- For scalar/counting: abs dist norm = abs(pred - gt) / gt (if gt == 0, set abs dist norm =
+Infinity)
- For distance: convert both to centimeters using: meter (m): 100 cm; centimeter (cm): 1 cm;
millimeter (mm): 0.1 cm; inch (in): 2.54 cm; foot (ft): 30.48 cm.
Then abs dist norm = abs(pred cm - gt cm) / gt cm (if gt cm == 0, set +Infinity).

2) For thresholds C = linspace(start, end, steps) with steps = int((end-start)/interval+2):
accuracy(C) = 1 if abs dist norm <= (1 - C) else 0
mean relative accuracy = average of accuracy(C) over all thresholds.

3) The final score is this mean relative accuracy, a float in [0,1].

IMPORTANT OUTPUT RULE:
- After you finish the calculation, OUTPUT EXACTLY ONE LINE at the end in the form: output:
<float> For example: output: 0.83

Config:
- start={start}
- end={end}
- interval={interval}

Inputs:
- Type: {open type} # "counting" or "distance"
- gt answer: {gt answer}
- pred answer: {pred answer}

C.2. Supervised Fine-tuning with SpatialCorpus

To efficiently and effectively enhance MLLMs’ performance on spatial understanding tasks, we construct SpatialCor-
pus, a large-scale training resource consisting of 331K multimodal QA pairs spanning 16 task types. It includes both
single-frame and multi-frame inputs and covers judgment, multi-choice, and open-ended QA formats, serving as the su-
pervised fine-tuning (SFT) dataset. To be specific, we fine-tune Qwen3-VL-4B and Qwen3-VL-8B for one epoch on Spatial-
Corpus using 8× Nvidia A100 GPUs, with bfloat16 precision, a batch size of 512, a peak learning rate of 1 × 10−5, and a
warm-up ratio of 3%. The visual encoder is kept fixed, while the MLP that projects visual features to language space and the
LLM parameters are jointly optimized.



C.3. SpatialAgent Development

To build SpatialAgent, a multi-agent system tailored for spatial intelligence and capable of using open-source MLLMs (e.g.,
Qwen3-VL) as the agent core, we have meticulously designed a series of instruction prompts that guide the agent core (Φ)
to serve as different components within the system. These prompts enable SpatialAgent to think step-by-step in two distinct
paradigms: Plan-Execute and ReAct, thereby improving the spatial understanding capabilities of MLLMs in a training-free
manner. Details are presented below.

Plan-Execute Paradigm. For the Plan-Execute paradigm, SpatialAgent primarily consists of three components: plan-
ner (Φplan), executor (Φexe), and summarizer (Φsum). First, we use the following prompt to guide the planner (Φplan) in
formulating a detailed tool invocation plan based on the descriptions in the toolbox:

[BEGIN OF GOAL]
Generate a JSON-formatted tool-calling plan to solve spatial understanding questions about given
images or videos.
[END OF GOAL]

[BEGIN OF TOOLBOX]
{action details}
[END OF TOOLBOX]

[BEGIN OF TASK INSTRUCTIONS]
Generate a step-by-step plan to answer the given spatial understanding question about given
images or videos.

***Use ONLY the tools listed in the TOOLBOX section (e.g., GetObjectOrientation,
EstimateObjectGeometryProperties, LocalizeObjects, EstimateObjectDepth)***
***Follow their argument specifications EXACTLY as defined in the toolbox, and try to give
detailed and comprehensive instructions in queries.***
Do NOT invent new tools or modify the existing tool interfaces.
The plan should strictly follow what these tools can and cannot do.
[END OF TASK INSTRUCTIONS]

[BEGIN OF FORMAT INSTRUCTIONS]
You are a helpful assistant tasked with solving spatial reasoning questions. Think step by
step.

***
Return a JSON list of tool calls inside ‘‘‘json‘‘‘ tags, where each call is a dictionary with
’name’ and ’arguments’.
The ’name’ MUST match exactly one of the tool names provided in the toolbox.
The ’arguments’ MUST include ALL required parameters for that specific tool with EXACT parameter
names.
The ’images’ or ’image’ argument must be specified as ’image-0’, ’image-1’, and ’image-2’, to
refer to the provided images.
Do not answer the question directly, and do not use absolute paths for the ’images’ or ’image’
argument.

***
[END OF FORMAT INSTRUCTIONS]

[BEGIN OF EXAMPLES]
Example for ’Which is closer to the camera, the dog or the cat?’:
‘‘‘json [

{"name": "LocalizeObjects", "arguments": {"image": "image-0", "objects": ["dog", "cat"]}},
{"name": "EstimateObjectDepth", "arguments": {"image": "image-0", "objects": ["dog",

"cat"], "indoor or outdoor": "outdoor"}},
]

‘‘‘
[END OF EXAMPLES]

***
Do not answer the question directly. Instead, think step-by-step, and output the tool-calling
plan inside ‘‘‘json‘‘‘ tags.

***

Next, the executor (Φexe) follows the prompt below to sequentially execute tool invocations according to the plan.



[BEGIN OF GOAL]
Generate a Chain of Thought (CoT) reasoning process using the provided tool execution results.
[END OF GOAL]

[BEGIN OF TASK INSTRUCTIONS]
You are a helpful assistant tasked with solving spatial reasoning questions. Analyze the given
question and tool execution results. Think step by step.
Generate a step-by-step reasoning process that shows how the tools contribute to solving the
question.
Use ONLY the tools and results provided, following their specifications STRICTLY.
The results of tool calls can sometimes be incomplete or incorrect, so please be critical and
decide how to make use of them.
If a tool failed, note the failure and proceed with your prior knowledge and reasoning.
Repeat for each tool result in order.
[END OF TASK INSTRUCTIONS]

[BEGIN OF FORMAT INSTRUCTIONS]

***
Output a CoT with:
- <thinking> Explain why this tool was used and how its result contributes to the answer.

</thinking>
- <tool> The tool call in JSON format, e.g., {{"name": "LocalizeObjects", "arguments":

{{"image": "image-0", "objects": ["dog", "cat"]}}}}. </tool>
- <observation>: The tool result as a string. </observation>

Repeat for each tool result in order.

***
[END OF FORMAT INSTRUCTIONS]

[BEGIN OF EXAMPLES]
Example for ’In image-0, which is closer to the camera, the dog or the cat?’:
<thinking> To determine which object is closer to the camera, I need first localize the dog and

cat in the image. </thinking>
<tool> {{"name": "LocalizeObjects", "arguments": {{"image": "image-0", "objects": ["dog",

"cat"]}}}} </tool>
<observation> {{"results": [{{"label": "dog", "region": [0.5, 0.6, 0.6, 0.8], "confidence":

0.95}}, {{"label": "cat", "region": [0.4, 0.5, 0.45, 0.7], "confidence": 0.87}}]}}
</observation>

<thinking> The bounding box for the dog is [0.5, 0.6, 0.6, 0.8], and for the cat is [0.4, 0.5,
0.45, 0.7]. Then, I need estimate the depth of them to reflect their distances to the camera.
</thinking>
<tool> {{"name": "EstimateObjectDepth", "arguments": {{"image": "image-0", "objects":

["dog", "cat"], "indoor or outdoor": "outdoor"}}}} </tool>
<observation> {{"results": [{{"object": "dog", "depth": 1.0, "error": null}}, {{"object":

"cat", "depth": 1.2, "error": null}}]}} </observation>
[END OF EXAMPLES]

Tool Plan: {tool plan}
Tool Results: {tool results}

***
**Notably, you should AVOID outputting terms like <final thining>, <answer>, or <final answer>
here.**
**Now, output your reasoning between <thinking> and </thinking>, the tool call in JSON format
between <tool> and </tool>, and the observation between <observation> and </observation>.**
***

Finally, the summarizer (Φsum) consolidates the tool execution results and produces the final reasoning and answer, guided
by the following instruction prompt:

[BEGIN OF GOAL]
Generate a final REASONING and ANSWER for spatial understanding questions about given images or
videos, based on tool results and prior Chain of Thought (CoT) steps.



[END OF GOAL]

[BEGIN OF TASK INSTRUCTIONS]
You are a helpful assistant tasked with solving spatial reasoning questions.
Given the question, tool execution results, and CoT steps, synthesize the information to provide
a final REASONING and ANSWER.

**The results of tool calls can sometimes be incomplete or incorrect, so please be critical and
decide how to make use of them.**
If tool results are unclear or contradictory, use your prior knowledge to think the problem
step-by-step.
For multi-choice questions, select the most appropriate answer from options based on reasoning.
Respond ONLY with the capital letter and its parentheses.
For judgment questions, answer with yes or no based on reasoning. Respond ONLY with ’yes’ or
’no’.
For open-ended measurement questions, answer the question by measuring the precise distance in
3D space through a 2D images or videos. DO NOT use generic and unclear units like ’units’ or
’pixels’
Respond ONLY with a numeric answer consisting of a scalar and a distance unit in the format of

**scalar distance unit**.
For other questions, answer the question based on the given image or video. Respond ONLY with a
concise and accurate scalar or a scalar with corresponding unit.

**CRITICAL: You MUST always provide a reasonable answer. Never respond with ’cannot be
determined’, ’none of the above’, or similar phrases.**
[END OF TASK INSTRUCTIONS]

[BEGIN OF FORMAT INSTRUCTIONS]

***
Output:
- <thinking> A complete analysis synthesizing all tool results and CoT steps to derive the

answer. </thinking>
- <answer> **The final answer** </answer>

***
[END OF FORMAT INSTRUCTIONS]

CoT Steps: {cot steps}

***
CRITICAL: You MUST always provide a reasonable answer. Never respond with ’cannot be
determined’, ’none of the above’, or similar phrases.**
Now, output **your thinking** between <thinking> and </thinking>, and **your answer** between
<answer> and </answer>.

***

Moreover, in the Plan-Execute paradigm, scenarios may arise where either (i) the planner (Φplan) fails to generate a correct
plan, or (ii) the executor (Φexe) encounters tool invocation failures. To address this, we set a maximum attempt threshold (de-
fault to 3). When the system exceeds this limit without completing the Plan-Execute reasoning process, SpatialAgent will
bypass the workflow and directly answer the question using the following prompt:

[BEGIN OF GOAL]
Provide a direct ANSWER to a spatial understanding questions about given 2D images or videos
without external tools.
[END OF GOAL]

[BEGIN OF TASK INSTRUCTIONS]
You are a helpful assistant tasked with solving spatial reasoning questions. Think step by
step.
Answer the spatial understanding question by reasoning about the provided images or videos.
Provide a direct answer by reasoning logically based on typical spatial relationships and visual
cues in the images or videos.

**CRITICAL: You MUST always provide a reasonable answer. Never respond with ’cannot be
determined’, ’none of the above’, or similar phrases.**
***
For multi-choice questions, select the most appropriate answer from options based on reasoning.



Respond ONLY with the capital letter and its parentheses.
For judgment questions, answer with yes or no based on reasoning. Respond ONLY with ’yes’ or
’no’.
For open-ended measurement questions, answer the question by measuring the precise distance in
3D space through a 2D images or videos. DO NOT use generic and unclear units like ’units’ or
’pixels’
Respond ONLY with a numeric answer consisting of a scalar and a distance unit in the format of

**scalar distance unit**.
For other questions, answer the question based on the given image or video. Respond ONLY with a
concise and accurate scalar or a scalar with corresponding unit.

***
[END OF TASK INSTRUCTIONS]

[BEGIN OF FORMAT INSTRUCTIONS]

***
Output your response in the format:
<thinking> [Your reasoning here] </thinking>
<answer> [Your final answer] </answer>

***
[END OF FORMAT INSTRUCTIONS]

***
**CRITICAL: You MUST always provide a reasonable answer. Never respond with ’cannot be
determined’, ’none of the above’, or similar phrases.**
Now, output **your thinking** between <thinking> and </thinking>, and **your answer** between
<answer> and </answer>.

***

ReAct Paradigm. For the ReAct paradigm, SpatialAgent comprises three components: observer (Φobs), executor (Φexe), and
summarizer (Φsum). By default, SpatialAgent can perform up to 10 rounds of dialogue iterations in this paradigm. In each
iteration, we use the following prompt to guide the observer (Φobs) to decide the next action based on the current context:

USER REQUEST: {USER REQUEST}
[BEGIN OF GOAL]
You are a helpful assistant, and your goal is to solve the # USER REQUEST #.
You can either rely on your own capabilities or perform actions with external tools to help you.
A list of all available actions is provided to you below.
[END OF GOAL]

[BEGIN OF ACTIONS]
{for each action in actions}
[END OF ACTIONS]

[BEGIN OF TASK INSTRUCTIONS]
1. You must only select actions from # ACTIONS #.
2. You can only call one action at a time.
3. If no action is needed, please make actions an empty list (i.e. \actions": []).
4. You must always call **Terminate** with your final answer at the end.
5. Please note that the priority of the SelfThinking tool is relatively low. Please give
priority to using other tools, and only consider using this tool if the problem cannot be solved
otherwise.
[END OF TASK INSTRUCTIONS]

[BEGIN OF TOOL USAGE INSTRUCTIONS]
1. **Construct the correct image path** for the tool to use, ensuring the path can be accessed
and read properly.
2. For object distance and object size(Length, width, height,tall, short, slim, or heavy)
problems, first observe the image. If the scene is outdoors, **FIRST** use ‘LocalizeObjects‘
to obtain the 2D bounding boxes, then determine the pair of points (one from each object) that
are closest to each other, and use these points as the ’point’ inputs for ‘Get3DDistance‘ to get
the distance between the two objects.
Do **NOT** simply use the center points of the boxes as the closest points between two objects.
3. For counting-related problems, **USE** ‘CountObjects‘; the number of returned points equals



the number of objects.
4. For camera-related problems, you may need to **USE** ‘GetCameraParametersVGGT‘ to obtain the
camera parameters.
======================= CRITICAL WARNING =======================

**DO NOT** invent or mention any tool that is **NOT explicitly defined** in #ACTIONS#.

**DO NOT** fabricate tool usage results if you have NOT actually called the tool.
You MUST only describe tool results that are actually obtained during execution.
Violation of this rule is considered a **SERIOUS ERROR**.
================================================================
====================== RELIABILITY WARNING =====================
If a tool result contains **ambiguous references** - for example, ‘LocalizeObjects‘ returns
multiple bounding boxes for the same object - **the result is unreliable**.
In such cases, you SHOULD rely on **reasoning** instead of depending on the tool output.
Treat this as a high-risk situation and avoid making decisions solely based on such tool
results.
================================================================
=================== TOOL CHAIN LENGTH WARNING ==================
If the tool invocation chain becomes **too long**, you MUST **STOP** calling further tools to
avoid reaching the maximum number of allowed calls.
In such cases, immediately switch to using **SelfThinking** to answer, **INCLUDING all input
images** required for reasoning.
Failure to follow this rule may result in task termination without producing a valid answer.
================================================================
[END OF TOOL USAGE INSTRUCTIONS]

[BEGIN OF FORMAT INSTRUCTIONS]
Your output should be in a strict JSON format as follows:
{"thought": "the thought process, or an empty string", "actions": [{"name": "action1",
"arguments": {"argument1": "value1", "argument2": "value2"}}]}
[END OF FORMAT INSTRUCTIONS]

[BEGIN OF EXAMPLES]
{for each demo in demo examples}
[END OF EXAMPLES]

Next, we employ the following prompt to instruct the executor (Φexe) to perform the selected action and produce new
intermediate results:

OBSERVATION: {OBSERVATION}
The OBSERVATION can be incomplete or incorrect, so please be critical and decide how to make use
of it.
If you’ve gathered sufficient information to answer the question, call **Terminate** with the
final answer.
Now, please generate the response for the next step.

Finally, the summarizer (Φsum) adopts a prompt similar to that of the executor (Φexe) to summarize all intermediate results
and provide the final conclusion:

ALL OBSERVATION: {ALL OBSERVATION}
The ALL OBSERVATION can be incomplete or incorrect, so please be critical and decide how to make
use of it.
Call **Terminate** with the final answer.
Now, please generate the response for the next step.

As mentioned above, when using the observer (Φobs) to select actions, we first provide a set of examples, as shown below.
It is important to note that, given that MLLMs may hallucinate when handling long contexts, for instance, pretending to call
tools and producing fabricated results, we restrict these in-context examples to be concise, focused, and unambiguous.



[
{

"user request": """Between image-0 and image-1, what is the primary direction of the
camera’s movement? Please answer with one of the following options: A. The camera moved to
the right B. The camera moved to the left C. The camera moved downward D. The camera moved
upward""",

"steps": [
{

"id": 1,
"thought": "To determine the camera’s movement direction, I need to compute the

average optical flow between the two images using RAFT. The average optical flow indicates pixel
offsets, where positive mean flow x suggests camera movement to the right, negative to the left,
positive mean flow y downward, and negative upward.",

"actions": [{"name": "EstimateOpticalFlow", "arguments": {"images": ["image-0",
"image-1"]}}],

"observation": {"output": {"mean flow x": 2.5, "mean flow y": -0.3}}
},
{

"id": 2,
"thought": "The optical flow results show mean flow x = 2.5 (positive, indicating

camera moved right) and mean flow y = -0.3 (negative, indicating camera moved up). Since the
absolute value of mean flow x (2.5) is much larger than mean flow y (0.3), the primary camera
movement is to the right.",

"actions": [{"name": "Terminate", "arguments": {"answer": "(A)"}}],
"observation": {}

}
]

},
{

"user request": """In image-0, which direction is the person facing? A. Facing the
viewer while slightly to the right B. Facing the viewer while slightly to the left C. Facing
away from the viewer while slightly to the right D. Facing away from the viewer while slightly
to the left""",

"steps": [
{

"thought": "To determine the precise orientation of the person, I need to use
GetObjectOrientation to analyze their position.",

"actions": [{"name": "GetObjectOrientation", "arguments": {"image": "image-0",
"objects": "person"}}],

"observation": {"results": [{öbject": "person", "angle data": {"azimuth":
315.0, "polar": 90.0, "rotation": 0.0, "confidence": 0.89}, "error": ’null’}]}

},
{

"thought": "The person’s azimuth angle is 315 degrees, which falls in the range of
292.5° < ϕ < 337.5°. According to the orientation guidelines, this means the person is facing
the viewer and to the right of the viewer.",

"actions": [{"name": "Terminate", "arguments": {"answer": "(A)"}}],
"observation": {}

}
]

},
{

"user request": """In image-0, what is the distance between the mug and the laptop? A.
15 centimeters B. 29 centimeters C. 45 centimeters D. 60 centimeters""",

"steps": [
{

"thought": "First, I need to determine whether the scene in image-0 is indoors
or outdoors. Observing the image, I see a desk, a mug, and a laptop in an office setting,
indicating an indoor scene. Since it is indoors, according to the instruction, I do not need
to call any tools and can directly estimate the distance.",

"actions": [],
"observation": {}

},
{

"thought": "Based on the visual cues in the image, the distance between the mug



and the laptop is approximately 29 centimeters.",
"actions": [{"name": "Terminate", "arguments": {"answer": "(B)"}}],
"observation": {}

}
]

},
{

"user request": """In image-0, which object on the desk is larger in size? A. The mug B.
It can not be decided given the image only C. The laptop D. They seem to be of almost the same
size""",

"steps": [
{

"thought": "First, I need to determine whether the scene in image-0 is indoors
or outdoors. Observing the image, I see a desk with a mug and a laptop in an office setting,
indicating an indoor scene(For object size questions (including length, width, height, tall,
short, slim, or heavy), do NOT call any tools. You should answer directly based on the visual
information from the image.). Since it is indoors, according to the instruction, I do not need
to call any tools and can directly estimate the relative size of the objects.",

"actions": [],
"observation": {}

},
{

"thought": "Based on the visual cues in the image, the laptop is clearly larger in
size compared to the mug.",

"actions": [{"name": "Terminate", "arguments": {"answer": "(C)"}}],
"observation": {}

}
]

}
]

Exception Handling. Despite our carefully crafted prompts for SpatialAgent, it may still occasionally produce malformed
outputs or fall into infinite loops. To mitigate this, beyond the prompt-based error-correction mechanisms that inspect abnor-
mal intermediate results, we also verify whether the final extracted answer is an empty string or null. If such failures occur,
the agent system is downgraded to a single agent core to complete the spatial understanding task. Concretely, when evaluated
on the 5,025 samples in our SpatialScore benchmark, Qwen3-VL-4B-SpatialAgent-PE and Qwen3-VL-8B-SpatialAgent-PE
exhibit 113 and 414 reasoning failures, corresponding to failure rates of 2.25% and 8.24%, respectively. In contrast,
Qwen3-VL-4B-SpatialAgent-ReAct and Qwen3-VL-8B-SpatialAgent-ReAct each fail on only one sample, yielding a failure
rate of just 0.02%. This trend aligns with the characteristics of the Plan-Execute and ReAct paradigms: the former is more
efficient and direct but lacks strong error-correction capabilities, whereas the latter, though requiring more complex iterative
reasoning, ensures much higher stability and success rates.

C.4. Toolbox Specifications
To facilitate our proposed multi-agent system, SpatialAgent, to effectively perform visual reasoning for spatial understanding
questions via tool invocation and collaboration, we have designed detailed input-output descriptions for each tool, accom-
panied by concrete examples. These specifications serve as contextual information for the agent core to select and invoke
proper expert tools, with the details elaborated as follows.

For general perception tools, we first implement the LocalizeObjects action using the Rex-Omni [8] model, which localizes
objects based on given text prompts. The detailed tool specification is presented below:

description = """
Localize specific objects in an image.
Returns bounding boxes for target categories, optionally visualizing them.

"""
args spec = {

"image": "The image to analyze.",
"objects": "A list of object categories to detect."

}



rets spec = {"regions": "List of detected regions with label, bbox"}
examples = [{

"name": "LocalizeObjects",
"arguments": {"image": "image-0", "objects": ["dog", "cat"]}

}]

Next, we adopt Rex-Omni [8] to create CountObjects function, which can count specific objects based on given text
prompts, with the following functionality explanation:

description = """
Count target objects in an image. Returns the coordinates of each detected target as points.

"""
args spec = {

"image": "The image to analyze.",
"objects": "List of object categories to count."

}
rets spec = {"points": "Dictionary {category: [points...]}, points in normalized coordinates.}
examples = [{"name": "CountObjects", "arguments": {"image": "image-0", "objects": ["bed"]}]

Then, we integrate Rex-Omni [8] for advanced object localization and SAM2 [17] for precise segmentation, creating
GetObjectMask function, with the following tool description:

description = """
Generate pixel-level segmentation masks for specified objects.
Returns mask area ratios and bounding boxes for each detected object.
Suitable for analyzing object shapes, sizes, and coverage.

"""
args spec = {

"image": "Image file to process.",
"objects": "List of object descriptions to localize and segment."

}
rets spec = {

"results": "List of dicts with mask area ratio, bounding box, and optional error:
[{’object’: str, ’mask area’: float, ’bbox’: [left, top, right, bottom], ’error’: str or
None}]"
}
examples = [

{"name": "GetObjectMask", "arguments": {"image": "image-0", "objects": ["coffee mug",
"microwave"]}}
]

Additionally, we employ DetAny3D [31] as the tool for 3D object detection and build the Detect3DObjects module, with
the detailed tool specifications provided below:

description = """
Detect specific objects in an image and estimate their 3D bounding boxes.
Returns 3D bounding box parameters in the following format:
x, y, z -> object center in camera coordinates (meters);
width, height, length -> physical size (width, height, length) in meters;
yaw -> heading angle around vertical axis (radians).

"""
args spec = {

"image": "Path to the input image."
"objects": "List of object categories to detect (or a single string)."

}
rets spec = {

"objects": "List of dicts with {label: str, bbox 3d: {x:float, y:float, z:float,
width:float, height:float, length:float, yaw:float}}"
}



examples = [
{"name": "Detect3DObjects", "arguments": {"image": ["image-1"], "objects": ["dog",

"rabbit"]}
]

To further equip SpatialAgent with motion understanding and image transformation analysis, we have developed special-
ized expert tools such as EstimateOpticalFlow action implemented with RAFT [20]:

description = """
Estimate optical flow between two images to measure motion in pixels.
Returns average displacement in horizontal (x) and vertical (y) directions.
First image is earlier in time; second is later.
- mean flow x > 0: objects move left / camera moves right.
- mean flow x < 0: objects move right / camera moves left.
- mean flow y > 0: objects move up / camera moves down.
- mean flow y < 0: objects move down / camera moves up.
Useful for analyzing camera motion, object movement, and 3D spatial reasoning.

"""
args spec = {

"image": "A list of exactly two image paths to compute optical flow between. First image is
earlier in time."
}
rets spec = {

"output": "Dictionary containing ’mean flow x’ (average horizontal pixel displacement) and
’mean flow y’ (average vertical pixel displacement)."
}
examples = [{"name": "EstimateOpticalFlow", "arguments": {"image": ["image-1", "image-3"]}]

The MatchImagesSIFT functionality performs keypoint extraction and feature matching between images using SIFT [13]
implemented via OpenCV. The detailed specifications are as follows:

description = """
Match keypoints between two images using SIFT.
Detects distinctive features and returns matched coordinate pairs for tasks like alignment or

recognition.
"""
args spec = {

"image": "List of two image paths.",
"num keypoints": "Max keypoints per image (default: 1200).",
"ratio th": "Ratio test threshold for matching (default: 0.75)."

}
rets spec = {

"matches": "List of matched coordinate pairs: [[x1, y1], [x2, y2]].",
"num matches": "Total number of matches found."

}
examples = [

{"name": "MatchImagesSIFT", "arguments": {"image": ["image-0", "image-1"], "num keypoints":
1200, "ratio th": 0.75}}
]

The EstimateHomographyMatrix tool, also implemented via OpenCV, calculates the homography transformation matrix
between two images based on extracted keypoints, with the following function description:

description = """
Compute a 3*3 homography matrix between two images using SIFT features and RANSAC.
Useful for alignment, perspective correction, and planar transformations.

"""
args spec = {

"image": "List of two image paths.",



"num keypoints": "Max keypoints per image (default: 1200).",
"ratio th": "Ratio test threshold (default: 0.75).",
"ransac reproj threshold": "Max reprojection error in RANSAC (default: 5.0)."

}
rets spec = {

"homography matrix": "3*3 matrix mapping points from first image to second.",
"inliers count": "Number of inlier matches used.",
"total matches": "Total matches found.",
"status": "Success or failure."

}
examples = [

{"name": "EstimateHomographyMatrix", "arguments": {"image": ["image-0", "image-1"],
"num keypoints": 1200, "ratio th": 0.75, "ransac reproj threshold": 5.0}}
]

Moreover, VGGT [22] can predict the camera intrinsics and extrinsics for each frame within a frame sequence. We
implement the GetCameraParametersVGGT module using the following tool description:

description = """
Extract camera extrinsic (3*4, relative to first image) and intrinsic (3*3) parameters from

images using VGGT.
Useful for 3D reconstruction, novel view synthesis, and geometric analysis.

"""
args spec = {"image": "List of image paths (at least one)."}
rets spec = {

"output": "List of dicts with image index (int), extrinsic (3*4 matrix), and intrinsic (3*3
matrix)."
}
examples = [

{"name": "GetCameraParametersVGGT", "arguments": {"image": ["image-0", "image-1"]}}
]

Additionally, to empower SpatialAgent with 3D spatial reasoning capabilities, we have integrated several specialized
visual geometry models. The EstimateObjectGeometryProperties function is implemented via the integration of SAM2 [17],
Depth-Anything-V2 [29], and VGGT [22] to obtain detailed spatial and geometry properties of objects in the given image,
with the following tool specification:

description = """
Analyze objects in an image to obtain bounding boxes, mask areas, depth (m), and camera

parameters.
Camera parameters include intrinsic (3*3) and extrinsic (3*4) matrices for 3D geometry tasks.

"""
args spec = {

"image": "Image file path to analyze.",
"object descs": "List of object descriptions (e.g., [’dog’, ’cat’])."

}
rets spec = {

"results": "List of dicts with object, bbox, mask area, depth (m), and optional error.",
"camera parameters": "Dict with intrinsic (3*3) and extrinsic (3*4) matrices."

}
examples = [

{"name": "EstimateObjectGeometryProperties", "arguments": {"image": "image-0",
"object descs": ["coffee cup", "keyboard"]}}
]

We have also implemented EstimateRegionDepth action with Depth-Anything-V2 [29] for scene depth estimation and
region-specific average depth calculation based on given bounding boxes, with the following tool description:



description = """
Estimate metric depth (in meters) of specified regions in an image.
Supports indoor (0-20m) and outdoor (0-80m) scenes.
Works with single or multiple bounding boxes in pixel coordinates.
Depth is distance from camera to object, not between objects or object size.

"""
args spec = {

"image": "Image to analyze.",
"bboxes": "Bounding box or list of boxes in pixel coordinates: [left, top, right, bottom]

or [[...], ...].",
"indoor or outdoor": "Scene type (’indoor’ or ’outdoor’).",
"mode": "Depth calculation: ’mean’ (average) or ’center’ (center point). Default:

’mean’."
}
rets spec = {

"depths": "List of dicts with bbox, depth (m), and optional error: [’bbox’: list, ’depth’:
float, ’error’: str or None]",

"unit": "Always ’meters’."
}
examples = [

{"name": "EstimateRegionDepth", "arguments": {"image": "image-0", "bboxes": [100, 50,
200, 150], [150, 100, 250, 200] "indoor or outdoor": "indoor"}}
]

By combining Rex-Omni [8] and Depth-Anything-V2 [29], we also facilitate EstimateObjectDepth, with the correspond-
ing specification as follows:

description = """
Estimate object depth (in meters) from an image.
Supports indoor (0-20m) and outdoor (0-80m) scenes.
Depth indicates distance from camera to object, not between objects or object size.

"""
args spec = {

"image": "Image to analyze.",
"objects": "List of object descriptions to measure distance to (e.g., [’dog’, ’cat’]).",
"indoor or outdoor": "Scene type (’indoor’ or ’outdoor’)."

}
rets spec = {

"results": "List of dicts with object description, depth (m), and optional error:
[’object’: str, ’depth’: float, ’error’: str or None]"
}
examples = [

{"name": "EstimateObjectDepth", "arguments": {"image": "image-0", "objects": ["the red
car", "dog"], "indoor or outdoor": "outdoor"}}
]

OrientAnything [24] model is employed for the GetObjectOrientation functionality:

description = """
Estimate 3D orientation of objects in an image using Orient-Anything.
Measures:
- Azimuth: Horizontal rotation (0-360° clockwise)
- Polar: Vertical inclination (0-180°)
- Rotation: In-plane rotation (-180° to +180°)
- Confidence: Reliability score
Useful for 3D understanding, pose estimation, and spatial reasoning.

"""
args spec = {

"image": "Image to analyze.",
"objects": "Object description(s) to analyze; string or list."

}



rets spec = {
"results": "List of dicts with object orientation data: [{’object’: str, ’angle data’:

{’azimuth’: float, ’polar’: float, ’rotation’: float, ’confidence’: float}, ’error’: str or
None}]"
}
examples = [

{"name": "GetObjectOrientation", "arguments": {"image": "image-0", "objects": "a red
car"}}
]

To estimate metric-based distances between points in 3D space, we employ MapAnything [9] to reconstruct the 3D scene
and compute the real-world distances between points, following the specification below:

description = """
Calculates the absolute 3D spatial distance (in meters) between two pixel points (x, y) in an

image.
Note: this tool should be used in outdoor scenes.
Returns the calculated distance (in meters).

"""
args spec = {

"image": "Path to the input image.",
"point 1": "List of [x, y] pixel coordinates for the first point."
"point 2": "List of [x, y] pixel coordinates for the second point."

}
rets spec = {

"distance meters": "The calculated 3D distance (float, in meters)."
}
examples = [

{"name": "Get3DDistance", "arguments": {"image": "image-0", "point 1": [100, 100],
"point 2": [1000, 1000]}}
]

Moreover, we have developed a suite of general-purpose tools to assist in tool invocation and reasoning processes. We
design a dedicated Terminate action to formally conclude the reasoning process and give structured final answers.

description = """
Use this function ONLY when you are completely confident in your final answer.
For multiple-choice questions: Specify the letter of the correct option.
For numerical answers: Include both the specific value and appropriate unit of measurement

(e.g., meter or centimeter).
For yes/no questions: Clearly state ’Yes’ or ’No’.
DO NOT call this function if you are uncertain or need to perform additional analysis.
Double-check your answer before terminating!

"""
args spec = {

"answer": "The final answer with proper formatting. For multiple choice: include letter
(e.g., ’A. explanation’ or ’(B)’). For numerical answers: include units (e.g., ’3.25 meters’)."
}
rets spec = {

"answer": "The final answer that will be submitted."
}
examples = [

{"name": "Terminate", "arguments": {"answer": "A. Yes."}},
{"name": "Terminate", "arguments": {"answer": "(B)."}},
{"name": "Terminate", "arguments": {"answer": "B. 3.25 meters."}},
{"name": "Terminate", "arguments": {"answer": "(A) 2 inches."}},
{"name": "Terminate", "arguments": {"answer": "47.3 centimeters."}},
{"name": "Terminate", "arguments": {"answer": "38.2 degrees."}}

]

A SelfThinking module is designed to guide MLLMs (e.g., Qwen3-VL) in self-reflecting on questions through meticulous



Table 3. Quantitative Comparisons on SpatialScore-OpenSource Subset. Qwen3-VL is adopted in two ways: (i) supervised fine-tuned
on our SpatialCorpus; and (ii) as the agent core to conduct reasoning using the Plan-Execute (PE) and ReAct paradigms in SpatialAgent.

Methods Overall Mental. Count. Depth. View-Rea. Obj-Size. Obj-Loc. Obj-Dist. Obj-Mo. Camera. Temp-Rea.

Baselines

Chance-level (Random) 26.12 23.71 22.80 20.19 31.84 24.76 34.94 21.83 25.30 26.60 28.68
Human-level 87.66 96.87 89.72 81.49 92.15 84.05 90.34 75.58 92.99 89.41 84.19

Representative Models

Qwen3-VL-30B-A3B [3] 48.60 46.31 58.86 45.06 47.98 53.87 61.38 33.65 56.10 40.39 45.59
Qwen3-VL-32B [3] 51.86 43.40 61.16 51.18 50.22 57.81 67.13 46.47 61.28 34.73 47.79

Qwen2.5-VL-72B [3] 45.44 53.69 49.49 55.88 36.10 47.21 60.92 32.13 53.96 37.93 22.43
InternVL3-78B [34] 48.23 50.34 59.19 44.46 45.74 44.78 65.98 35.74 57.32 37.93 43.75

Qwen3-VL-235B-A22B [3] 54.82 57.27 65.19 52.84 52.47 56.85 66.90 44.28 67.38 38.42 49.63
Claude-4.5-Sonnet [2] 44.64 51.01 49.67 48.32 39.91 50.02 50.57 36.31 53.35 27.59 41.18

Gemini-2.5-Pro [5] 56.70 73.38 64.06 51.06 46.41 54.70 69.89 43.83 64.63 45.57 56.25
GPT-5 [16] 59.09 78.08 57.59 56.33 54.04 56.85 70.97 42.22 67.07 47.29 62.13

Qwen3-VL-4B

Blind (text only) 24.96 27.29 11.20 25.63 25.34 37.29 27.82 22.74 23.17 22.66 20.22
Zero-shot 40.39 37.81 48.22 36.81 34.75 43.70 54.71 26.92 50.61 35.96 38.24

w/ SpatialCorpus (Ours) 46.74 65.55 52.24 53.87 33.86 34.52 52.18 37.27 55.49 40.89 44.85
w/ SpatialAgent-PE (Ours) 45.28 56.15 54.98 42.40 36.55 50.05 58.85 28.92 57.32 31.53 38.24

w/ SpatialAgent-ReAct (Ours) 46.49 46.53 53.46 47.36 39.01 45.15 54.48 31.86 53.05 54.93 42.28

Qwen3-VL-8B

Blind (text only) 27.81 21.70 17.21 27.71 30.49 39.38 41.61 26.33 19.21 26.11 20.59
Zero-shot 42.97 38.26 50.35 43.58 37.67 48.61 55.86 31.45 51.52 34.48 41.54

w/ SpatialCorpus (Ours) 48.72 57.27 52.67 58.59 36.77 49.84 55.40 40.51 54.88 37.93 44.85
w/ SpatialAgent-PE (Ours) 49.58 50.11 54.48 50.99 43.50 54.84 62.30 38.43 58.23 40.64 43.38

w/ SpatialAgent-ReAct (Ours) 50.01 44.30 53.49 51.55 45.74 51.39 58.62 37.92 57.62 51.97 51.84

Table 4. Quantitative Comparisons on SpatialScore-Repurpose Subset. Qwen3-VL is adopted in two ways: (i) supervised fine-tuned
on our SpatialCorpus; and (ii) as the agent core to conduct reasoning using the Plan-Execute (PE) and ReAct paradigms in SpatialAgent.

Methods Overall Depth. Obj-Size. Obj-Loc. Obj-Dist. Obj-Mo. Camera.

Baselines

Chance-level (Random) 36.13 31.86 50.33 44.66 31.78 24.14 31.18
Human-level 82.79 85.12 89.29 67.18 90.70 100.00 84.14

Representative Models

Qwen3-VL-30B-A3B [3] 58.30 59.92 66.12 74.81 65.26 72.41 37.90
Qwen3-VL-32B [3] 62.22 53.85 65.75 73.66 66.41 87.36 48.39

Qwen2.5-VL-72B [3] 59.15 57.38 64.31 65.27 60.21 80.46 48.39
InternVL3-78B [34] 59.47 63.01 70.37 65.27 65.89 72.41 45.43

Qwen3-VL-235B-A22B [3] 63.14 58.01 70.92 75.19 71.61 77.01 47.58
Claude-4.5-Sonnet [2] 49.45 44.05 68.75 58.78 46.88 22.99 45.43

Gemini-2.5-Pro [5] 55.18 51.39 70.59 60.69 58.14 30.12 52.15
GPT-5 [16] 54.63 51.15 67.77 61.45 54.69 19.54 54.86

Qwen3-VL-4B

Blind (text only) 39.45 33.65 63.64 40.84 36.43 16.09 38.98
Zero-shot 50.21 40.60 64.48 67.18 55.87 62.07 31.99

w/ SpatialCorpus (Ours) 75.53 73.89 77.93 70.23 81.47 96.55 72.04
w/ SpatialAgent-PE (Ours) 62.07 57.26 71.51 68.32 63.57 72.41 53.23

w/ SpatialAgent-ReAct (Ours) 64.04 66.38 69.94 64.12 64.64 54.02 63.44

Qwen3-VL-8B

Blind (text only) 41.23 32.34 52.89 52.67 34.88 26.44 37.90
Zero-shot 54.53 58.94 64.86 69.85 57.18 72.41 33.87

w/ SpatialCorpus (Ours) 76.29 82.54 82.06 68.32 80.62 100.00 70.97
w/ SpatialAgent-PE (Ours) 64.19 65.91 72.77 67.18 61.35 73.56 57.53

w/ SpatialAgent-ReAct (Ours) 67.51 63.09 75.09 69.85 63.57 73.56 64.78



prompt engineering, thereby fully leveraging their inherent potential to better tackle spatial understanding tasks.

description = """
Modes:
1. Text-only: Provide ’query’ for pure language tasks.
2. Vision+Language: Provide ’images’ + ’query’ for visual analysis.
Suitable for: Scene understanding, OCR, object/color recognition, classification, and

concept-level Q&A.
"""
args spec = {

"query": "Text question or instruction (REQUIRED).",
"image": "List of image paths. If omitted, the model performs text-only reasoning.",

}
rets spec = {"response": "Model’s response string."}
examples = [

{"name": "SelfThinking", "arguments": {"query": "Summarize the image content.", "image":
"image-0"}}
]

D. More Experiment Results
In this section, we present additional quantitative and qualitative results in Sec D.1 and Sec D.2, followed by comprehensive
and in-depth analyses and discussions.

D.1. Additional Quantitative Results
Here, we further conduct an in-depth analysis of the quantitative results on our proposed SpatialScore benchmark. Con-
cretely, we divide the 5,025 samples in SpatialScore into two subsets: (i) the newly constructed subset repurposed from
3D annotations, denoted as SpatialScore-Repurpose (1,091 samples), and (ii) the remaining 3,934 samples collected from
existing datasets and manually curated, which form the SpatialScore-OpenSource subset.

As presented in Tab. 3 and Tab. 4, we compare our data-driven and agent-based approaches with several representa-
tive baselines on these subsets, leading to the following key observations: (i) On both the SpatialScore-OpenSource and
SpatialScore-Repurpose subsets, the Qwen3-VL models fine-tuned on SpatialCorpus, as well as our SpatialAgent, achieve
substantial performance gains over their respective base models. This confirms the feasibility of both routes for enhancing
spatial reasoning capabilities; (ii) Although supervised fine-tuning brings performance gains, it may introduce potential bi-
ases. For example, Qwen3-VL-8B fine-tuned on SpatialCorpus improves its overall accuracy on SpatialScore-OpenSource
from 42.97 to 48.72, while on SpatialScore-Repurpose it increases from 54.53 to 76.29. This discrepancy largely arises
because the latter subset is more closely aligned with the distribution of training data in SpatialCorpus; and (iii) In contrast,
SpatialAgent shows a more moderate improvement on SpatialScore-Repurpose (from 54.53 to 67.51), but it also delivers con-
sistent gains on the SpatialScore-OpenSource subset (from 48.72 to 50.01). As a training-free approach, it further preserves
the base model’s general capabilities and therefore avoids introducing distributional biases across different data sources.

D.2. Additional Qualitative Results
We further include more qualitative results on SpatialScore from the models fine-tuned on our SpatialCorpus, as well as from
our constructed SpatialAgent, as presented in Fig. 5 and Fig. 6. These results demonstrate that both our data-driven and
agent-based approaches achieve superior performance on spatial intelligence tasks, even surpassing larger-scale models and
proprietary systems.



Please compute the homography matrix between these two images.
A. [[1.153, 0.013, 244.44], [0.415, 1.194, -155.59], [0.001, 6e-05, 1.009]]; 
B. [[0.547, 0.209, -108.35], [-0.082, 1.118, -236.48], [0.0, 0.0, 1.000]]; 
C. [[1.211, -0.032, 47.374], [0.210, 1.035, -107.36], [0.001, -6e-06, 1.000]]; 
D. [[1.776, -0.053, 263.17], [0.418, 1.599, -329.46], [0.001, 3e-05, 1.001]]

Ground Truth: D.

Please compute the homography matrix between the two images.
A. [[0.916, -0.198, 70.502], [0.072, 0.684, -33.187], [6e-06, 0.0, 0.999]]; 
B. [[1.290, 0.435, -118.46], [-0.026, 1.423, 161.89], [-3e-05, 0.0, 1.001]]; 
C. [[4.372, 0.144, -818.24], [-0.252, 3.960, -549.15], [0.002, 0.0, 0.978]]; 
D. [[0.402, -0.339, 102.29], [-0.213, 0.624, 216.78], [0.0, -2e-05, 1.0018]]

Ground Truth: A.

Compute the type and parameters of the spatial transformation 
between these two images.
A: {rot_angle: -163.08, trans_dx: 107.25, trans_dy: 44.19, scale: 1.033}
B: {rot_angle: 137.60, trans_dx: -27.01, trans_dy: -94.97, scale: 1.163}
C: {rot_angle: 137.30, trans_dx: 75.41, trans_dy: 55.66, scale: 1.134}
D: {rot_angle: -53.48, trans_dx: -52.11, trans_dy: -7.97, scale: 1.302}

Ground Truth: A.

How many people on 
the subway platform are 
walking to the right?
A. 1;    B. 8;
C. 4; D. 0

Ground Truth: A.

What is the size of 
this room (in square 
meters)? If multiple 
rooms are shown, 
estimate the size of 
the combined space.

Ground Truth: 10.1

Qwen3-VL-4B: A.
Qwen3-VL-8B: A.
InternVL3-78B: A.
Qwen3-VL-A22B: A. 
Gemini-2.5-Pro: A. 
GPT-5: A.

Qwen3-VL-4B-SpatialCorpus: A.
Qwen3-VL-4B-SpatialAgent-PE: A.
Qwen3-VL-4B-SpatialAgent-ReAct: B.
Qwen3-VL-8B-SpatialCorpus: A.
Qwen3-VL-8B-SpatialAgent-PE: A.
Qwen3-VL-8B-SpatialAgent-ReAct: B.

Qwen3-VL-4B: C.
Qwen3-VL-8B: D.
InternVL3-78B: A.
Qwen3-VL-A22B: D. 
Gemini-2.5-Pro: B. 
GPT-5: C.

Qwen3-VL-4B-SpatialCorpus: A.
Qwen3-VL-4B-SpatialAgent-PE: C.
Qwen3-VL-4B-SpatialAgent-ReAct: A.
Qwen3-VL-8B-SpatialCorpus: A.
Qwen3-VL-8B-SpatialAgent-PE: A.
Qwen3-VL-8B-SpatialAgent-ReAct: D. 

Qwen3-VL-4B: A.
Qwen3-VL-8B: D.
InternVL3-78B: A.
Qwen3-VL-A22B: A.
Gemini-2.5-Pro: B. 
GPT-5: B.

Qwen3-VL-4B-SpatialCorpus: A.
Qwen3-VL-4B-SpatialAgent-PE: A.
Qwen3-VL-4B-SpatialAgent-ReAct: C.
Qwen3-VL-8B-SpatialCorpus: A.
Qwen3-VL-8B-SpatialAgent-PE: C.
Qwen3-VL-8B-SpatialAgent-ReAct: C.

Qwen3-VL-4B: C.
Qwen3-VL-8B: C.
InternVL3-78B: C.
Qwen3-VL-A22B: C. 
Gemini-2.5-Pro: D. 
GPT-5: D.

Qwen3-VL-4B-SpatialCorpus: A.
Qwen3-VL-4B-SpatialAgent-PE: A.
Qwen3-VL-4B-SpatialAgent-ReAct: C.
Qwen3-VL-8B-SpatialCorpus: A.
Qwen3-VL-8B-SpatialAgent-PE: C.
Qwen3-VL-8B-SpatialAgent-ReAct: C. 

Qwen3-VL-4B: 17.0
Qwen3-VL-8B: 15.0
InternVL3-78B: 12.1
Qwen3-VL-A22B: 14.0
Gemini-2.5-Pro: 10-12
GPT-5: 9

Qwen3-VL-4B-SpatialCorpus: 13.0
Qwen3-VL-4B-SpatialAgent-PE: 12.0
Qwen3-VL-4B-SpatialAgent-ReAct: 12.0
Qwen3-VL-8B-SpatialCorpus: 14.0
Qwen3-VL-8B-SpatialAgent-PE: 12.0
Qwen3-VL-8B-SpatialAgent-ReAct: 10.5

Which is further away from the camera?
A. kite;    B. woman

Ground Truth: B.

… … …
… … …

Qwen3-VL-4B: A.
Qwen3-VL-8B: C.
InternVL3-78B: C.
Qwen3-VL-A22B: C. 
Gemini-2.5-Pro: C. 
GPT-5: C.

Qwen3-VL-4B-SpatialCorpus: A.
Qwen3-VL-4B-SpatialAgent-PE: A.
Qwen3-VL-4B-SpatialAgent-ReAct: D.
Qwen3-VL-8B-SpatialCorpus: A.
Qwen3-VL-8B-SpatialAgent-PE: D.
Qwen3-VL-8B-SpatialAgent-ReAct: D.

Figure 5. Additional Qualitative Results.



Please compute the homography matrix between these two images.
A. [[0.371, -0.024, 139.16], [-0.095, 0.627, 65.353], [-0.001, -2e-05, 0.999]];
B. [[0.753, -0.009, -71.273], [-0.176, 0.976, 6.311], [0.0, -2e-05, 1.0]];
C. [[0.983, -0.005, 22.209], [-0.012, 0.971, 45.658], [-8e-06, -2e-05, 1.0]];
D. [[1.050, 0.026, 108.77], [0.195, 1.005, -7.890], [0.001, -3e-05, 1.0]]

Ground Truth: A.

How far is the center of decoration (red 
point) from the observer in the photograph? 
Ensure the answer is in meters.

Ground Truth: 2.8.

What will be the first-time appearance order of: 
door, computer tower, whiteboard, kettle?

A. whiteboard, computer tower, door, kettle 
B. whiteboard, door, computer tower, kettle 
C. door, computer tower, whiteboard, kettle 
D. whiteboard, door, kettle, computer tower

Ground Truth: A.

Measuring from the 
closest point of each 
object, what is the 
distance between the 
door and the bed (in 
meters)?

Ground Truth: 2.2

Qwen3-VL-4B: B.
Qwen3-VL-8B: B.
InternVL3-78B: B.
Qwen3-VL-A22B: B. 
Gemini-2.5-Pro: B. 
GPT-5: B.

Qwen3-VL-4B-SpatialCorpus: A.
Qwen3-VL-4B-SpatialAgent-PE: B.
Qwen3-VL-4B-SpatialAgent-ReAct: B.
Qwen3-VL-8B-SpatialCorpus: A.
Qwen3-VL-8B-SpatialAgent-PE: B.
Qwen3-VL-8B-SpatialAgent-ReAct: B. 

Qwen3-VL-4B: 1.5.
Qwen3-VL-8B: 1.8.
InternVL3-78B: 1.5.
Qwen3-VL-A22B: 2.1. 
Gemini-2.5-Pro: 1.5. 
GPT-5: 1.6.

Qwen3-VL-4B-SpatialCorpus: 3.0.
Qwen3-VL-4B-SpatialAgent-PE: 1.5.
Qwen3-VL-4B-SpatialAgent-ReAct: 2.5.
Qwen3-VL-8B-SpatialCorpus: 3.0.
Qwen3-VL-8B-SpatialAgent-PE: 13.9.
Qwen3-VL-8B-SpatialAgent-ReAct: 3.5. 

Qwen3-VL-4B: C.
Qwen3-VL-8B: B.
InternVL3-78B: A.
Qwen3-VL-A22B: D. 
Gemini-2.5-Pro: B. 
GPT-5: C.

Qwen3-VL-4B-SpatialCorpus: A.
Qwen3-VL-4B-SpatialAgent-PE: B.
Qwen3-VL-4B-SpatialAgent-ReAct: B.
Qwen3-VL-8B-SpatialCorpus: A.
Qwen3-VL-8B-SpatialAgent-PE: B.
Qwen3-VL-8B-SpatialAgent-ReAct: B. 

Qwen3-VL-4B: B.
Qwen3-VL-8B: B.
InternVL3-78B: A.
Qwen3-VL-A22B: B. 
Gemini-2.5-Pro: B. 
GPT-5: D.

Qwen3-VL-4B-SpatialCorpus: A.
Qwen3-VL-4B-SpatialAgent-PE: B.
Qwen3-VL-4B-SpatialAgent-ReAct: B.
Qwen3-VL-8B-SpatialCorpus: A.
Qwen3-VL-8B-SpatialAgent-PE: B.
Qwen3-VL-8B-SpatialAgent-ReAct: A.

Qwen3-VL-4B: 1.4.
Qwen3-VL-8B: 1.4.
InternVL3-78B: 1.5.
Qwen3-VL-A22B: 1.9.
Gemini-2.5-Pro: 1.4. 
GPT-5: 2.0.

Qwen3-VL-4B-SpatialCorpus: 2.4.
Qwen3-VL-4B-SpatialAgent-PE: 1.4.
Qwen3-VL-4B-SpatialAgent-ReAct: 2.5.
Qwen3-VL-8B-SpatialCorpus: 2.4.
Qwen3-VL-8B-SpatialAgent-PE: 3.0.
Qwen3-VL-8B-SpatialAgent-ReAct: 3.0. 

Consider the real-world 3D. Is the stop 
sign directly above the fire hydrant?
A. Yes;    B. No

Ground Truth: A.

… … … … …

Qwen3-VL-4B: C.
Qwen3-VL-8B: C.
InternVL3-78B: C.
Qwen3-VL-A22B: C. 
Gemini-2.5-Pro: D. 
GPT-5: D.

Qwen3-VL-4B-SpatialCorpus: B.
Qwen3-VL-4B-SpatialAgent-PE: C.
Qwen3-VL-4B-SpatialAgent-ReAct: A.
Qwen3-VL-8B-SpatialCorpus: C.
Qwen3-VL-8B-SpatialAgent-PE: C.
Qwen3-VL-8B-SpatialAgent-ReAct: A.

…

Beginning at the open door and facing the nearest 
red wall. Navigate to the TV: 1. [fill in] 2. Go 
forward until the wall 3. [fill in] 4. Go forward. 

A. Turn Left, Turn Left, 
B. Turn Right, Turn Left, 
C. Turn Right, Turn Right, 
D. Turn Left, Turn Right

Ground Truth: A.

…

Figure 6. Additional Qualitative Results.
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