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Abstract— In this study, we propose a grid-based marking
prompt framework to enhance spatial understanding in vision-
language models (VLMs). The framework integrates object
detection, background masking, and number overlaying to
enable VLMs to interpret spatial and contextual instructions
more effectively. By inputting numbered images along with
natural language instructions, a VLM selects the number
corresponding to the most semantically appropriate location.
The framework operates without requiring prior information
such as 3D models or physical markers. Moreover, the proposed
framework allows flexible rule adaptation through prompt
engineering alone, providing general applicability across vari-
ous objects and environments. We conducted two experiments
for the object placement task. In experiment 1, shelf images
captured by a service robot were used to evaluate the placement
selection accuracy of a VLM. In experiment 2, the framework
was implemented on a service robot and conducted the object
placement task at positions selected by a VLM in a real-world
environment. The framework achieved a high success rate in
both experiments, demonstrating the effectiveness and practical
utility of the framework in real-world environments.

I. INTRODUCTION

In recent years, service robots have been used across
various fields, including restaurants [1], [2], [3], hospitals [4],
and homes [5]. To operate appropriately in the real-world
environment, service robots must be capable of spatial under-
standing and estimating suitable actions [6], [7], [8]. Vision-
language models (VLMs) [9], [10], [11], [12], [13], [14] have
emerged as a promising approach to enabling such spatial
understanding. Therefore, VLMs are increasingly being con-
sidered for integration into service robots to enhance their
spatial understanding. However, VLMs still have issues with
accurate spatial understanding [15], [16], [17].

To address this issue, Set-of-Mark (SoM) [18] was pro-
posed as a prompting method to enhance the spatial under-
standing capabilities of VLMs. SoM overlays numbered on
objects in images, allowing VLMs to reference and reason
about the spatial relationships of objects using overlaying
numbers. For example, a VLM using SoM can respond: “To
the right of laptop number 9 is a lamp, which is number
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Fig. 1: Comparison of input formats for estimating empty
spaces using a VLM (Gemini). Upper: Gemini directly
estimates empty spaces using bounding boxes based on the
original image input. Bottom: Gemini selects the place of
empty spaces from the numbers in the image using the
proposed method. In both cases, the bounding box size is
40 x 40 pixels, as indicated in the prompt.

12.” However, SoM cannot mark spatial areas, making SoM
unsuitable for tasks that target spatial areas. To address this
issue, we propose a new framework to enhance the spatial
understanding of VLMs.

Figure 1 shows an overview of the proposed framework.
The framework consists of three main components: object
detection, background masking, and number overlaying. The
main feature of the proposed framework is the overlaying
of numbers on the space, not only objects, as in SoM. This
enables the framework to handle spaces without objects.

To evaluate the effectiveness of the proposed framework,
we conducted experiments focusing on an object placement
task. In this task, the VLM must recognize objects in an
image and estimate appropriate empty spaces for placing a
target object, based on the spatial arrangement and categories
of the existing objects. The object placement task requires
spatial understanding that incorporates semantic appropriate-
ness. Therefore, the object placement task is well-suited for
evaluating the spatial understanding of VLMs [19], [20].

We implemented the proposed framework on a service
robot and evaluated its effectiveness in enhancing spatial
understanding through an object placement task on a shelf.
This study aims to enhance the spatial understanding of
VLMs, which is important for enabling service robots to
operate appropriately in the real-world environment.
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Fig. 2: Overview of the proposed framework

II. RELATED WORK

SoM [18] is a prompting method designed to assist VLMs
in interpreting textual instructions and spatial relationships
by marking objects in images. SoM uses a segmentation
model to identify individual objects and overlays a unique
number on each object. Using these numbered images, VLMs
such as GPT-4V [10] can reference specific objects, enabling
more precise spatial understanding of VLMs. For example,
when asked, “What is to the left of the laptop on the
right?” a VLM using SoM can correctly respond, “It is
lamp number 12 to the left of laptop number 9.” SoM
shows high performance on referring expression tasks like
RefCOCOg [21], even without additional training.

SoM is a method specialized for improving the precision
of target object selection in VLMs. SoM clarifies the target
candidates by overlaying numbers on each object in the
image, helping VLMs identify the target object and im-
proving interpretability and consistency. However, the object
placement task in this study focuses on selecting semantically
appropriate empty spaces in the image. Therefore, applying
the SoM framework to enhance VLMs spatial understanding
is difficult in the object placement task. To address this issue,
we propose a grid-based marking prompt framework that
focuses on estimating and reasoning about empty spaces.

III. PROPOSAL

In this study, we propose a grid-based marking prompt
framework to enhance the spatial understanding of VLMs.
Figure 2 shows an overview of the proposed framework.
The framework overlays numbers at equal spatial intervals
across the image, allowing the VLM to select the appro-
priate number for a given instruction. To further enhance
spatial understanding of VLMs, the framework incorporates
background masking and adds bounding boxes (BBoxes)
to indicate the positions of detected objects. The proposed
framework consists of the following three components:

• Background masking： extraction of target areas
(shelves, etc.) using a VLM.

• Object detection：detection of existing object locations
using an object detection model.

• Number overlaying：divide the space into equal inter-
vals, overlay numbers, and allow a VLM to select the
placement location.

A. Background masking

The proposed framework extracts only the target area
from the input image. Input images often contain irrelevant
or distracting information, which can negatively affect the
spatial understanding and reasoning of VLMs. To ensure
robustness in real-world environments, the framework must
handle diverse backgrounds and objects. Therefore, we uti-
lize a zero-shot segmentation model.

Several zero-shot models for segmentation have been
proposed, such as Nanosam [22] and Detic [23]. However,
these methods often struggle to accurately identify the target
area when elements like shelf doors or outer frames are
included. To address these issues, we utilize Gemini [12].
Gemini is a VLM capable of segmenting areas based on
natural language instructions (“e.g., detect a shelf without
including doors”), while considering the structural features
of objects.

B. Object detection

SoM has shown that prompting to indicate positions of
objects is effective in enhancing the spatial understanding of
VLMs. Based on this finding, we incorporate a component
into the proposed framework that draws BBoxes of objects
in the image. In this study, we use a light-weight zero-
shot detection model by combining NanoSAM [22] with
Grounding DiNO [24].

We input multiple prompts, such as [food, fruit, toy,
tableware], as supercategories into NanoSAM to detect var-
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Fig. 3: Flow of experiments conducted. Purple arrow: Flow
of Experiment 1. Purple + blue arrow: Flow of Experiment
2.

ious object categories in the image without prior training.
However, NanoSAM often misclassifies object categories. To
address this, we use only the BBox coordinates as input to
the VLM, without classification labels. When the same object
is detected under multiple supercategories, we retain only the
detection with the highest confidence score, ensuring that a
single BBox represents each object.

C. Number overlaying

To enhance the spatial context understanding of VLMs
for object placement, we overlay numbers onto the input
image. First, the target area is divided into a grid with
equal intervals, and unique numbers are overlaid on each
cell. The numbered image, along with a natural language
instruction, is input into the VLM. This setup allows the
VLM to select the appropriate number based on the semantic
context. For example, given an instruction like “Place the cup
near the other cups”, the VLM can determine a semantically
appropriate location from among the numbered grid cells in
the image.

IV. EXPERIMENTAL SETTINGS

The following section explains two experiments conducted
to evaluate the effectiveness of the proposed framework.
Figure 3 shows the experimental workflow.

In Experiment 1, we estimate empty spaces using the
proposed framework and evaluate both estimation accuracy
and processing time. Input images of VLMs were captured
using a head camera(resolution 640×480) of Human Support

Fig. 4: Four scenes composed of YCB objects and two types
of shelves used in experiments.

Fig. 5: Example of VLM output when targeting the fruit
category in the prompt. The image compares the predicted
location (blue box) generated by the VLM with the ground-
truth location (yellow area) manually annotated as the ap-
propriate location for fruit.

Robot (HSR) [25]. In Experiment 2, we perform the complete
task sequence, from object detection to placement, using
HSR. In this experiment, we evaluate the practical effective-
ness of the proposed framework in a real-world environment.

A. Experiment 1: Estimation of empty space

Figure 4 shows scenes used in the experiments. We
manually divided the shelf into four areas, with category
labels such as food, tableware, fruit, and unknown, for each
area. We set the unknown area as the candidate for placing
categories that do not belong on a shelf in the experiments.

For the object placement tasks, we used Yale-CMU-
Berkeley(YCB) object set [26], a widely used benchmark
for robot grasping tasks. YCB objects consist of various
categories, such as food containers, tools, and daily goods,
making YCB objects well-suited for simulating home en-
vironments. Figure 5 shows an example of the Intersection
over Union(IoU) calculation. In this study, we evaluate the
overlap between the 40 × 40 pixel region P estimated by
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Fig. 6: List of objects used in the experiment.

the VLM and the manually defined GT region G, using IoU
defined as:

IoU =
|P ∩G|
|P ∪G|

. (1)

As shown in Equation 2, the mean IoU (mIoU) is the average
IoU score over N trials for each scene. The mIoU serves
as the metric to evaluate and compare the accuracy of the
estimations of VLMs.

mIoU =
1

N

N∑
i=1

IoUi. (2)

Furthermore, the processing time for each component of
the proposed framework is recorded to evaluate the overall
practicality of the framework.

B. Experiment 2: Experiment in a real-world environment
using HSR

In Experiment 2, we implemented the proposed framework
on HSR and performed a series of object placement tasks on
a shelf. The experiment aimed to confirm whether placement
decisions based on spatial understanding could be executed
in the real-world environment and to investigate the effect of
any incorrect decisions.

Figure 6 shows the 12 objects used in this experiment,
grouped in four categories. For each trial, we randomly
selected three categories from the four categories and placed
one object from each category on a shelf. We repeated
this procedure four times to create four different placement
patterns. In total, 16 object placement tasks were conducted,

TABLE I: Comparison of miou and average(avg.) processing
time

Method mIoU Avg. processing time (s)

w/o marked (GPT-4o-latest) 0.500 7.091
w/o marked (Gemini-2.0-flash) 0.500 2.881
w/ marked (GPT-4o-latest) 0.625 7.542
w/ marked (Gemini-2.0-flash) 0.719 5.237

covering each category (tableware, toy, food, and fruit)
across the different patterns. To evaluate the performance
of empty space estimation, we assumed perfect accuracy in
object detection and grasping. In this experiment, we define
successful placement as follows:

• The object is placed within the area specified by the
proposed framework.

• The object does not make contact with other objects.
• The object is stable after placement and does not fall.

V. EXPERIMENTAL RESULTS

A. Experiment 1: Estimation of empty space

First, we evaluated the effectiveness of number overlaying,
one of the key components of the proposed framework. We
performed the empty space estimation task using images both
with and without numbers as input. We used two types of
VLMs and compared GPT [9] and Gemini [12].

Table I shows the accuracy and average processing time
for each condition. When using images without number
overlays, the mIoU was 50.0% for both GPT and Gemini.
With the application of the proposed number overlaying, the
mIoU increased to 62.5% for GPT and 71.9% for Gem-
ini, showing improvements of 12.5 points and 21.9 points,
respectively. These results indicate that number overlaying
improves the spatial understanding performance of VLMs.
Regarding processing time, the average was 7.091 seconds
for GPT and 2.881 seconds for Gemini when using images
without number overlays. With number overlaying applied,
the average processing time increased to 7.542 seconds
for GPT and 5.237 seconds for Gemini. Overall, Gemini
outperformed GPT in both accuracy and processing time.

Based on these results, Gemini showed higher accuracy
than GPT, confirming the effectiveness of number overlaying.
Accordingly, we selected Gemini as the VLM for number
estimation in the subsequent experiments.

Additionally, we evaluated empty space estimation using
the proposed framework. The framework achieved an mIoU
of 85.2% with an average processing time of 9.753 seconds.
In the following section, we conduct an ablation study
by individually removing the following components: (1)
background masking and (2) object detection, to analyze
their respective contributions to estimation accuracy and
processing time.

B. Experiment 1: Ablation Study

Based on the results of the preliminary experiments, we
conducted an ablation study using number overlaying and
Gemini. We evaluated different combinations of the proposed
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TABLE II: Ablation study of each component in the proposed system.

Components Object detection Background masking IoU Avg. processing time (s)

Object detection ✓ 0.709 5.774
Background masking ✓ 0.800 8.692
Proposed(Object detection + Background masking) ✓ ✓ 0.852 9.753

Fig. 7: Example of output VLM with and without a back-
ground mask.

framework by enabling or disabling its components, object
detection, and background masking, to investigate the effect
of each on spatial understanding.

Table II shows the experimental results of the ablation
study. The framework, utilizing all proposed components,
achieved the highest IoU of 85.2%. Background masking
improved the accuracy of identifying placement areas by
excluding irrelevant regions, thereby reducing errors such
as selecting locations outside the shelf. Object detection
contributed by providing the positions of existing objects,
allowing the VLM to identify and avoid already occupied
areas. In this way, Object detection reduces misestimation of
VLMs during empty space selection. These results indicate
that combining background masking, object detection, and
number overlaying enables semantically valid and accurate
empty space estimation. The fastest processing time, 5.774
seconds, was achieved by using only object detection.

C. Experiment 2: Experiment in a real-world environment
using HSR

In this experiment, we implemented the proposed frame-
work on HSR and performed object placement tasks on a
shelf. We randomly selected three categories from the four
categories and placed one object from each category on the
shelf. Across four different placement patterns, a total of 16
object placement tasks were performed.

In 9 out of 16 placement tasks, HSR stably placed objects
in the correct areas. Of the 7 failures, four were due to
interference with existing objects on the shelf, and three
occurred because objects were placed next to objects of a
different category. Notably, no objects fell from the shelf
in any trial. These results indicate the effectiveness of the
proposed framework in real-world environments.

VI. DISCUSSION

A. Effectiveness of object detection

BBoxes generated by object detection allow the VLM to
identify the positions of existing objects in the image. By
using these BBOX coordinates, the VLM can recognize areas
occupied by objects as places to avoid. Consequently, the
VLM selects empty spaces that do not overlap with existing
objects. This indicates that object detection contributes to
improving empty space estimation accuracy by preventing
placement in occupied areas and allowing the selection of
semantically appropriate spaces.

B. Effectiveness of Background masking

Figure 7 shows examples with and without background
masking. Without background masking, the VLM occasion-
ally selected areas outside the shelf. In contrast, applying
background masking effectively guided the VLM to select
areas within the shelf. By removing unnecessary background
information, the masking process enables the VLM to iden-
tify semantically appropriate and stable locations more easily.

Additionally, background masking can be applied not only
to shelves but also to other spatial structures such as desks
and storage spaces. Therefore, the proposed framework has
the potential to serve as a general-purpose tool for enhancing
spatial understanding across various environments.

C. Reasons for failure in Experiment 2

We conducted the object placement task using HSR to
evaluate the performance of the proposed framework in a
real-world environment. Out of 16 autonomous placement
trials, nine were successful, while seven failed.

The main factors contributing to failure are considered to
be the following two. First, the proposed framework fixes
the size of the object to be placed at 40× 40 pixels as input
to the VLM. Consequently, if the actual size of the target
object exceeds this fixed size, there may not be sufficient
space, causing objects to come into contact. To address this
issue, we consider estimating the object size according to the
actual dimensions of the target object.

Second, the low resolution (640 × 480) of the RGBD
camera mounted on HSR may have caused the VLM to
misidentify object categories [27], [28]. To address this,
we implement a higher-resolution camera, and verifying its
impact on reducing failures is necessary.

VII. CONCLUSIONS

In this study, we proposed a grid-based marking prompt
framework to enhance the spatial understanding of VLMs.
The framework consists of three components: (1) background
masking, (2) object detection, and (3) number overlaying.
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We evaluated the effectiveness of the framework through
object placement tasks that require the integration of visual
and linguistic processing. Experimental results showed that
the proposed framework enhances VLMs in estimating empty
spaces for semantically appropriate object placement. The
ablation study showed that combining background masking,
object detection, and number overlaying achieved the highest
mIoU score of 0.852. Furthermore, experiments conducted
with HSR showed that the framework enables semantically
appropriate object placement in a real-world environment.

A key feature of the proposed framework is an extension
of the SoM approach by expanding the number of overlays
from object areas to include spatial areas without objects.
This feature enables the framework to apply to tasks that
require spatial decisions, where conventional methods are
difficult to apply. Furthermore, the proposed framework
can be applied to other spatial understanding tasks through
prompt modification.

In future work, we plan to address more complex and
ambiguous natural language instructions, such as “place it
in a sunny spot” Additionally, the real-world experiments
revealed two key challenges: the risk of object contact due to
fixed object size, and reduced object identification accuracy
caused by limitations in camera resolution.
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