Supplementary Material for “Keep it SymPL: Symbolic Projective Layout for
Allocentric Spatial Reasoning in Vision-Language Models”

A. SymPL Framework

A.1. Implementation Details

Object Detection. To extract 3D object information from an image, we used GroundingDINO [7] to obtain 2D bounding
boxes. When using only the bounding box with the highest confidence score, the model frequently detected incorrect objects.
To address this issue, we selected the top n bounding boxes based on their confidence scores and generated cropped images
for each of them. As shown in Figure S1, these n cropped images were arranged sequentially with their corresponding ranks.
To include minimal contextual information around the target object, we expanded the bounding box by a fixed marg:in in all
directions before cropping the image. We then prompted the VLM to identify the image that best matched the target object,
and used the bounding box corresponding to the selected cropped image as the final detection result. In all experiments, we
set n = 5 and margin = 30 for object detection.

Figure S1. Candidate cropped images fed to the VLM. The target object is the dog. Each image is indexed at the top according to its
confidence score ranking, and the VLM returns the index of the image that best matches the target object through reasoning.

3D Position Estimation. To estimate the precise 3D coordinates of each object, we used the bounding box from Ground-
ingDINO and the depth map predicted by DepthPro [2]. First, we cropped the corresponding region on the depth map using
the bounding box and extracted the depth values within the masked area. Then, using the intrinsic parameters predicted by
DepthPro, we unprojected each pixel coordinate within the mask into 3D space to generate a 3D point cloud. Next, we split
the range of depth values into up to 20 bins of equal width and selected the bin that contained the most depth samples. Finally,
we filtered depth values to those within a fixed ratio of the selected bin center and computed their median, which we used as
the final estimate of the object’s 3D coordinate. In all experiments, we set the ratio to 0.12 for filtering depth values.

The accuracy of the estimated 3D coordinates depended on the intrinsic parameters predicted by DepthPro. When these
parameters were inaccurate, the z value of the 3D coordinates could become much larger or smaller than the x and y values.
This issue was particularly critical in egocentric spatial reasoning, where the raw z values were directly used for projection.
To reduce this distortion, we applied an additional correction to the z values before determining the final 3D coordinates. We
first computed a z-axis scale as the mean absolute z value of the estimated 3D positions of all objects. We then computed an
x—y scale as the mean distance of these 3D positions from the origin in the x—y plane. If the ratio between these two scales
exceeded a predefined threshold, we multiplied all z values by a fixed scaling factor determined by this threshold so that the
z-axis scale did not become excessively larger or smaller than the x—y scale. In the experiments, we set the threshold to 10
for z-axis correction.



B. Experiments

B.1. Hardware Settings

All main experiments were conducted on a shared server using a single NVIDIA RTX A6000 GPU. As an exception, the
APC series was run on a local machine with two NVIDIA RTX 3090 GPUs, because APC-Vis image rendering was not
supported on the shared server. For the additional ablation studies, we used both NVIDIA RTX A6000 and NVIDIA RTX
6000 Ada Generation GPUs across the study, while each subfigure and table was composed of results obtained on a single,
consistent GPU model chosen from these two.

B.2. Dataset Configurations

We evaluated spatial reasoning abilities, including allocentric spatial reasoning, using five processed datasets: COMFORT#,
3DSRBench, COCOSPATIAL, COMFORT VI, and COMFORT Multi. All experiments were conducted using the evaluation
toolkit provided by VLMEvalKit [4]. The preprocessing procedure for each dataset is as follows.

COMFORTH#. As shown in Figure S2, COMFORT# is a dataset constructed to evaluate each model’s allocentric spatial
reasoning ability. We built the dataset in a Blender-based simulation environment [1 1] by composing scenes from a set of 12
assets (couch, chair, dog, duck, penguin, laptop, woman, cat, refrigerator, horse, camel, and snowman), randomly sampling
objects from this list for each scene. The dataset consisted of four spatial reasoning categories: closer, left/right, visibility,
and facing. For visibility, each scene contained two objects, while the other three categories used three objects per scene.

Dataset COMFORT#
Perspective Allocentric
Category closer left/ right visibility facing
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Figure S2. Examples of COMFORT#. This dataset consists of four spatial relation categories: closer, left/right, visibility and facing.

In the closer category, objects were arranged in a line such that the reference viewer was located at one end, and questions
asked which object is closer to the reference viewer. In the left/right category, we placed two objects in front of a reference
viewer object and constructed questions that require inferring which object is on the left from the reference viewer’s perspec-
tive. In the visibility category, we randomly configured the target object to be either in front of or behind the reference viewer
and constructed questions that require determining whether the target object was visible to the reference viewer in each case.
Finally, in the facing category, objects were again arranged linearly, but the reference viewer was positioned at the center,
and questions asked which object the reference viewer was facing. For all scenes, we injected noise into the camera position,
object positions, and the facing directions of objects (except for the reference viewer), in order to generate diverse scenes.
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Figure S3. Examples of 3DSRBench. This dataset consists of three spatial relation categories: left/right, visibility and facing.



3DSRBench. This dataset is a real-world dataset composed of allocentric spatial reasoning questions covering various spatial
relationship categories [8]. As illustrated in Figure S3, we constructed an allocentric spatial reasoning dataset using the
left/right, visibility, and facing categories from this dataset. The left/right and facing categories were used directly from the
original dataset. For the visibility category, we modified the existing front/behind category such that questions with the answer
front were labeled as visible, and those with the answer behind were labeled as not.

Dataset COCOSPATIAL
Perspective Egocentric
Category left / right above / below

Image
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Figure S4. Examples of COCOSPATIAL. This dataset consists of two spatial relation categories: left/right and above/below.

COCOSPATIAL. This dataset is a real-world dataset that classifies spatial relations between various object pairs based on
the positions of their bounding boxes in each image [10]. We refined this dataset to construct an egocentric spatial reasoning
dataset that consisted of the left/right and above/below categories (see Figure S4). Specifically, for each image, we randomly
selected one object pair from the good pairs with clearly defined spatial relations to form a question. Each question was
designed to ask which object is located on the left side for the left/right category or on the upper side for the above/below
category.

Dataset COMFORT VI
Perspective Allocentric Egocentric
Category left/ right front / behind closer
Image 5 S
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Figure S5. Examples of COMFORT VI. This dataset consists of three spatial relation categories: left/right for allocentric spatial reasoning,
and front/behind, closer for egocentric spatial reasoning.

COMFORT VL. Figure S5 visualizes a spatial reasoning dataset designed for visual illusion scenarios, which was generated
in the same Blender-based simulation environment as COMFORT#. The dataset consisted of the left/right category for al-
locentric spatial reasoning and the front/behind and closer categories for egocentric spatial reasoning. Each scene contained
two spheres of different colors and sizes placed in 3D space. For the left/right category, a reference viewer was positioned to
face the spheres from either the left or right side. To simulate visual illusion conditions, the sphere located farther from the
camera was rendered significantly larger than the closer one, making the distant sphere appear larger in the image.
COMFORT Multi. As illustrated in Figure S6, COMFORT Multi was constructed in a Blender-based simulator to evaluate
whether models can perform consistent allocentric spatial reasoning in the same scene from multiple viewpoints. For each
category, we first created 10 scenes, and for each scene we extracted data from 20 viewpoints by varying the camera az-
imuth by 72° and the polar angle by 15° (see Figure S7). All viewpoints captured from the same scene shared an identical
prompt as input for inference. The dataset was organized over the four categories: left/right, closer, visibility, and facing. The
environment configuration defined for each category was identical to that of COMFORT#.



Dataset COMFORT Multi
Perspective Allocentric
Category closer left / right visibility facing
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Figure S6. Examples of COMFORT Multi. This dataset consists of four spatial relation categories: closer, left/right, visibility and facing.
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Prompt : From the snowman's perspective, which object is located on the left side, the cat or the dog?

Figure S7. Dataset structure of COMFORT Multi. For each scene, on a spherical coordinate system centered at the scene, we captured 20
images by moving the camera viewpoint in steps of 15° in polar angle and 72° in azimuth.

B.3. Perspective-Aware Spatial Reasoning Examples

We evaluated the performance of the SymPL framework on a variety of spatial reasoning tasks using the COCOSPATIAL
and COMFORT VI datasets, and the corresponding qualitative results were shown in Figure S8 and S9.
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Figure S8. Egocentric spatial reasoning examples in the COCOSPATIAL dataset.



COMFORT VI
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Figure S9. Perspective-aware spatial reasoning examples in the COMFORT VI dataset.

B.4. Ablation Study Details
B.4.1. Analysis of Each Key Factor

To validate the effectiveness of the four key factors (projection, abstraction, bipartition, and localization), we conducted
separate analyses for each of them. All experiments were conducted separately for each of the five general purpose VLMs:
Qwen2.5-VL [1], GPT-5 [9], LLaVA-NeXT [6], LLaVA-OneVision [5], and Molmo [3].

Projection. To examine how viewpoint affected spatial reasoning performance, we considered two categories of spatial
relations: left/right and above/below. For each scene, we collected images by moving the camera in 10° increments: from a
front view to a top view for the above/below relations, and from a top view to a side view for the left/right relations. For each
category, we used data captured from 100 scenes. In each experiment, we used the same question format: for left/right, the
question asked which object was located on the left side, and for above/below, it asked which object was located above.

Figure S10 shows that, for both categories, performance improved when the viewpoint was approximately orthogonal
to the plane in which the spatial relation was expressed. Specifically, performance tended to increase as the viewpoint ap-
proached the front view for above/below relations and the top view for left/right relations. These findings indicated that the

optimal viewpoint for spatial reasoning should depend on the type of spatial relation, and that this viewpoint was orthogonal
to the plane in which the spatial relation was expressed.
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Figure S10. Spatial reasoning performance as a function of viewpoint position. The experiments were conducted on five general purpose

VLMs. (a) shows the results for the above/below category as the viewpoint moves from front to top view, and (b) shows the results for the
left/right category as it moves from top to side view.



Abstraction. We analyzed whether our abstraction factor had a meaningful effect on the reasoning performance of VLMs
by evaluating performance under different forms of object representation. The experiment was conducted on a simple scene
where three objects were arranged in a row, using a closer task that asked which object was closer to the rightmost object.
For the analysis, we used 100 images for each of three conditions: the original image (original), the original image with
segmentation masks annotated on the objects (seg mask), and an image in which the objects were abstracted into dot-shaped
symbols (abstraction). When performing inferences with the abstraction image, we modified the prompt by replacing the
original object names with the names of the abstracted symbols.

As shown in Figure S11, we observed that, for most models, the reasoning performance on abstraction images tended to

be higher. This suggested that abstract representations of objects had a more positive effect than the original images and the
segmentation masks commonly used for visual prompting.

Abstraction Examples

Abstraction Step
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-NeXT  -OneVision
Figure S11. Spatial reasoning performance as a form of abstraction. The experiments were conducted on five general purpose VLMs. For

each model, the results are shown from left to right in the following order: experiments on the original image (original), on the image with
an annotated segmentation mask (seg mask), and on the abstracted image (abstraction).

Bipartition. We conducted an experiment to analyze whether partitioning the image was effective and how the number
of partitions affected spatial reasoning performance. The experiment was performed using images generated by fixing the
coordinates of each symbol and increasing the number of partitions from 1 to 4. For each task, we used 100 images, and all
tasks were formulated as questions asking which symbol was closer to the yellow dot.

From the experimental results shown in Figure S12, for most VLMs, reasoning performance was higher when the image
was partitioned (partition 2, 3, or 4) than when it was not (partition 1). This suggested that dividing the space into partitions
provided useful guidelines that help VLMs reason about spatial relations. Regarding the number of partitions, performance
was highest when the image was divided into two or three partitions, while four partitions caused a slight performance drop
in some models, although it still remained above the partition 1 case. Overall, these trends indicated that the presence of
partitions had a more direct impact on spatial reasoning than the exact number of partitions.
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Figure S12. Spatial reasoning performance as a function of partition numbers. The experiments were conducted on five general purpose
VLMs. For each model, the results are shown from left to right in the following order: images with 1, 2, 3, and 4 partitions.

Localization. Following the ablation conducted in the bipartition step, we further analyzed how the number of color-coded
regions affected reasoning performance on the localization question by conducting additional experiments. The experimental
data consisted of images generated by fixing the coordinates of the symbols and varying the number of differently colored

regions from 2 to 4. For each task, we used 100 images, and each task was formulated as a question asking for the color of
the region in which one of the two symbols in the image was located.



From the experimental results shown in Figure S13, we observed that reasoning performance consistently decreased across
all VLMs as the number of color-coded regions increased. This suggested that, when answering the localization problem,
VLMs performed better when the image was divided into fewer color-coded regions. Taken together with the ablation results
from the bipartition step, these trends indicated that first splitting the space into two regions and then distinguishing them
with different colors provided an effective way to solve the localization problem.
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Figure S13. Spatial reasoning performance as a function of colored region numbers. The experiments were conducted on five general
purpose VLMs. For each model, the results are shown from left to right in the following order: images with 2, 3, and 4 color regions.

B.4.2. Ablation on the Effectiveness of the Key Factor

Figure S14 presents the results of the ablation study, evaluating the reasoning performance of VLMs on the effectiveness of
four key factors. In order, the graphs corresponded to the left/right, closer, visibility, and facing categories. We conducted
experiments using five general purpose VLMs: Qwen2.5-VL, GPT-5, LLaVA-NeXT, LLaVA-OneVision, and Molmo. The
experiments were conducted sequentially from Setting 1 to Setting 5. Each setting was obtained from the original allocentric
question by sequentially applying the following factors: projection, abstraction, bipartition, and localization. Among these,
the images in Setting 1 and Setting 2 were rendered directly in the simulation environment, while the remaining images were
generated based on the object coordinates from the simulator.
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Figure S14. Reasoning performance of five general purpose VLMs on the effectiveness of four key factors. (a) closer, (b) left/right, (c)
visibility, and (d) facing.

From the experimental results, we observed that the reasoning performance, which was low in Setting 1 (allocentric
question), gradually increased as the key factors were incrementally introduced, and eventually reached 100% in Setting 5
(symbolic-layout question). This trend consistently appeared regardless of the type of general purpose VLM. These results
showed that the robust reasoning capability of the proposed symbolic-layout question, based on the four key factors, was

generally preserved across diverse VLMs. Examples and qualitative results for each setting are shown in Figure S15, S16,
S17, and S18.
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Figure S15. The qualitative results of the ablation study for the closer category.
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Figure S16. The qualitative results of the ablation study for the left/right category.
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Figure S17. The qualitative results of the ablation study for the visibility category.
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Figure S18. The qualitative results of the ablation study for the facing category.

B.S. Applying SymPL to Other VLM

We evaluated whether applying the SymPL framework with a VLM other than Qwen2.5-VL also led to consistent perfor-
mance gains. To do this, we replaced Qwen2.5-VL with GPT-5 throughout the reasoning pipeline and analyzed allocentric
spatial reasoning performance.

According to the results in Figure S19, similar to the trend observed with Qwen2.5-VL, applying the SymPL framework
with GPT-5 improved performance across all categories. These results indicate that the proposed framework is not limited to
the Qwen2.5-VL model alone.
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Figure S19. Allocentric spatial reasoning performance with applying SymPL to GPT-5. (a) shows the performance of Qwen2.5-VL before
and after applying SymPL, and (b) shows the corresponding results for GPT-5.



C. Reasoning Prompt

The SymPL framework includes a stepwise procedure that utilizes the reasoning capability of the VLM at each step. This pro-
cedure consists of five steps: target object selection, detection refinement, reference viewer selection, category determination,
and symbolic-layout reasoning. The text prompts used for reasoning in each step are as follows.

Prompt - Target Object Selection

# Situation Description
Given a spatial reasoning question, please return all the words the represent the entities that are included in the
question.

# Example
[Question] From the old man’s perspective, is the person wearing a hat on the left of the green car?
[Detect] [old man, person wearing a hat, green car]

# Your Task
Now, given the question below, please identify the entities that are included in the question.
All the results return as a format [Detect] [object_1, object.2, ...1].

[Question] {question}
[Detect]

Prompt - Detection Refinement

The input images are the cropped regions from the original image that correspond to description : ‘category’.
Look at each of these images and select the one that best matches description : ‘category’.

Your response should return only the index number of the image you selected.
Note : If multiple images are considered a match, select the one with the lowest index number.

Prompt - Reference Viewer Selection

# Situation Description

Given a question about spatial reasoning, we want to extract the *xperspective*x of the question.

If the question is from the camera’s perspective or cannot mention the perspective, return ++camerat++. Never return
anything else.

# Example
[Question] If I stand at the shepherd’s position facing where it is facing, is the sheep visible or not
[Perspective] ++shepherd++

# Your Task

Given the question below, please specify the **perspectivex* from which the question is asked.

After ‘‘[Perspective]’’ at the end of this prompt, you must return the answer for the base object in the ‘‘object_name’’
field, following the format : ++object_name++

‘‘object_name’’ must be selected only from the [Option] list provided below.

Never return any answer outside of these options.

Just include ++ in front of and behind of the selected ‘‘object_name’’ candidate. Never change anything else.

[Question] {question}
[Options] {obj_str}, camera
[Perspective]



Prompt - Category Determination

# Situation Description

Given a question about spatial reasoning, we want to extract the category of the question.

The words inside ** *x in the [Question] are the key elements of that [Category].

Depending on the expression, words such as ‘‘visible’’ or ‘‘facing’’ may appear in [Question].

However, the mere presence of these words does not determine that [Category] should be ‘visibility’’ or ‘‘facing.’’
Refer to the parts highlighted with *x xx in the examples and select the most appropriate [Category].

# Example

[Question] If I stand at the man in cowboy hat’s position facing where it is facing, is the bus stop **on the left or
rightxx of me?

[Category] --left_right--

# Your Task

Given the question below, please specify the category from which the question is asked.
You must return in the format: [Category] --category_name--

‘‘object_name’’ is selected from [Options] below.

Never return a response that is not included in the given options.
Never change the format and capitalization from the option when returns response.

[Question] {question}
[Options] visibility / left_right / facing / closer / above_below / front_behind
[Category]

Prompt - Symbolic-Layout Reasoning (left/right1, visibility)

This is an image of a simple 2D Scene.

# Task
Based on the image, please answer the following question.

[Question] In the image, is the {obj} dot located in the ‘yellow’ area or the ‘black’ area?

Please only return the answer.

Prompt - Symbolic-Layout Reasoning (left/right2, closer, facing, front/behind, above/below)

This is an image of a simple 2D Scene.

# Task
Based on the image, please answer the following question.

[Question] In the image, which dot is located in the ‘yellow’ area, the {obj-1} dot or the {obj-2} dot?

Please only return the answer.
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