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Abstract— Service robots are typically required to interpret
and execute various complex tasks in home environments.
Recognizing the environment, such as furniture, and under-
standing the relationships between object positions is critical for
executing various tasks. Set of mark (SoM) is a visual prompting
method that focuses on interpreting the relationship between
semantic regions by overlaying marks in each region. However,
SoM marks segmented regions that are not objects such as
walls and floors. This marking creates noise when interpreting
object positions. To address this problem, we propose a novel
object-position interpretation system that combines an object
detection model and a vision-language model (VLM). The
proposed system incorporates an object detection model to
mark only objects, allowing the VLM to efficiently interpret
object positions. Furthermore, the proposed system improves
the accuracy of the system by including the original image and
label output by the object detection model in the input to the
VLM. The experimental results show that the proposed system
outperforms SoM in terms of interpreting object positions.

I. INTRODUCTION

An aging population and low birth rates have consid-
erably increased the demand for service robots [1]. Re-
cently, various studies on service robots have been actively
conducted [2]–[4]. Service robots are required to interpret
complex commands from people and execute the desired
tasks in real-time. For instance, when a robot receives a
command “Bring me the item behind the lemon,” the robot
should understand the context of “behind” in real-world
space and execute the task accurately. This study proposes a
novel method for interpreting the positional relationships of
objects by using a vision language model (VLM).

Yang et al. proposed a set of mark (SoM), which is
a visual prompting method that improves the accuracy of
vision and multimodal tasks using VLM [5]. SoM enhances
the image interpretation performance of VLM by overlaying
marks, such as numbers, on each region recognized through
semantic segmentation methods. However, SoM also marks
regions such as walls and floors. These marks are noise in the
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Fig. 1. Schematic of the VLM

Fig. 2. Schematic of the SoM. SoM, a visual prompting method proposed,
improves VLM performance by overlaying marks such as numbers and
alphabetic letters on images.

interpretation of the object-position relationship. We believe
that this problem can be solved by marking only objects.

In this study, we propose a novel system that combines
object detection models and VLM to focus on object posi-
tions. This system enhances accuracy by overlaying marks
only on objects by using an object detection model. The
contributions of this study are as follows:

• We propose a novel object position interpretation system
using object detection models and VLM.

• We confirmed that the proposed system can interpret ob-
ject positions more accurately than the existing method
in the experiment.
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Fig. 3. Schematic of the proposed object-position interpretation system. The proposed system overlays marks only on the object, allowing the VLM
to focus on the target objects.

II. RELATED WORKS

A. Vision-language model

A VLM is a machine learning model that integrates text
and visual information and can solve tasks such as image
captioning, image generation, and visual question answering
(VQA). Fig. 1 shows the schematic of a VLM with VQA.
First, the feature vector of an input image is calculated
using an image encoder, such as contrastive language-image
pretraining (CLIP) [6] or self-distillation with no labels
(DINO) [7]. Next, the feature vector is inputted into an
adapter such as a querying transformer (Q-former) [8] to
transform it into a format suitable for a large language model
(LLM). The transformed feature vector and feature vector of
a question are inputted into an LLM, and the answer to the
question is the output.

Numerous VLMs, such as GPT [9], [10], Gemini [11], [12]
and LLaVA [13], [14] have been proposed. Their general
versatility has been demonstrated experimentally and has
attracted considerable attention [15], [16]. Studies in robotics
have focused on integrating VLM-based systems into robots
for accurate environmental and object recognition [17], [18].

B. SoM

VLMs have problems with visual tasks such as interpreting
position relationships [19]. Various prompting methods were
proposed to improve the performance of VLMs [5], [20],
[21]. Numerous methods have been devised for enhancing
the input text [22], [23] and visual prompting methods for
designing input images [5], [20], [21].

SoM is a visual prompting method proposed by Yang
et al. and is used to improve the performance of a VLM
by overlaying marks such as numbers on images. Fig. 2

presents a schematic of the SoM. SoM uses segmentation
models, such as the segment anything model (SAM) [24]
and the segment everywhere all at once model (SEEM) [25]
to segment an image into semantic regions. The VLM can
then efficiently interpret the relationships between regions
by overlaying the marks. SoM has been reported to improve
the accuracy of VQA, particularly in experiments using GPT-
4 [9].

However, SoM overlays marks on segmented regions that
are not objects, such as walls and floors, among others.
This phenomenon creates noise when interpreting the spatial
relationships between objects. A solution to this problem is
marking only objects instead of all the regions in the image.

III. PROPOSED SYSTEM

In this study, we propose a novel object-position interpre-
tation system using the VLM and an object detection model.
Fig. 3 presents a schematic of the proposed system, which
processes through the following 4 steps:

1) Object Detection: The system uses an object detection
model to identify objects in an input image. Detected
objects are referred to as ”target objects.” The use of
an object detection model ensures that only objects,
rather than non-object regions like walls or floors, are
identified, thereby reducing noise.

2) Generating Marked Images: The system overlays num-
bers and bounding boxes on the detected target objects
to create marked images. This approach improves
the problem of SoM overlaying marks on segmented
regions that are not objects, such as walls and floors.

3) Generating Text Prompts: The text prompt provided to
the VLM consists of three parts:
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Fig. 4. Schematic of the experiment. Images taken by HSR and questions
created from a template are input into the system, and the percentage of
correct answers is evaluated.

• A description of the marked image, e.g., “The
object’s label corresponds to the mark: 1. pitcher,
2. chips, ....”

• A task description, e.g., “Your task is to identify
the number based on a given command.”

• A command indicating a target object, e.g., “Com-
mand: The left-most ball on the floor.”

4) Input to the VLM: The marked image, original image,
and text prompts are input to the VLM. This allows
the VLM to focus only on the objects and improve the
interpretation of the object positions.

Compared to SoM, which marks all segmented regions,
including non-object areas, the proposed system focuses
solely on target objects. This targeted marking improves
the accuracy of object positions interpretation. Furthermore,
the proposed system includes output labels from the object
detection model in the text, improving accuracy. We focused
on reducing the misidentification of similar objects by includ-
ing labels. In addition, we input the original image, which
marks do not hide the object, for an accurate object position
interpretation.

IV. EXPERIMENT

A. Overview

Fig. 4 shows a schematic of the experiment. We evaluate
the proposed system using 50 images, each paired with four
questions. We inputted the prepared questions and images

Fig. 5. List of objects used in the experiment. 35 objects were selected
from the YCB objects that were not too small.

Fig. 6. Top: questions template and number of questions used in the
experiment. Left: Describe and provide examples of nouns in the OBJECT
of the questions template. Right: List of nouns in PLACE of the questions
template.

into the proposed system and evaluated the percentage of
correct answers to the output numbers.

In this experiment, we used the you only look once v8
(YOLOv8) [26] trained on YCB objects, as the object-
detection model. In addition, we used Gemini-1.5-pro,
Gemini-1.5-flash [12], GPT-4o [10], and GPT-4 [9] as VLMs.

Furthermore, for the ablation studies on the proposed
system, we conducted two types of evaluation experiments.
First, the text prompts did not include labels from the object
detection model. Second, only the marked images and text
prompts were inputted into the VLM without the original
image as the input.

B. Evaluation datasets

Images of 640 x 480 were captured with an RGB-D
sensor (Xtion PRO LIVE) attached to a human support robot
(HSR) [27] developed by Toyota Motor Corporation. There
were 35 objects from the benchmark dataset, YCB objects
[28], as shown in Fig. 5. The image contained between 5
and 15 objects.

Questions were generated based on the template shown in
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Fig. 7. Areas assigned to PLACE. The system is required to select the
answer from the area corresponding to the PLACE.

Fig. 6. The labels of the 35 objects shown in Fig. 5 were
used for the OBJECT of the question templates. As indicated
in Fig. 6, enter 12 area names such as “desk” and “floor” in
PLACE of the questions template. The system is required to
select the answer from the area corresponding to the PLACE,
as shown in Fig. 7.

C. Results

Table I lists the experimental results for interpreting the
object positions. We confirmed that the proposed system
achieved a higher correct answer rate than SoM did. In
addition, the performance of the proposed method was im-
proved by including the output labels by YOLOv8 in the text
prompts.

In particular, Gemini 1.5-Flash improved the correct an-
swer rate from 32.0 points to 76.5% with labels, compared
with 44.5% without labels. Furthermore, we confirmed that
including the original image improved the correct answer rate
by several points for three models, namely GPT-4o, GPT-4,
and Gemini-1.5-pro. However, Gemini-1.5-flash decreased
the percentage of correct answers by 5.5 points to 39.0%
when including the original image compared with 44.5%
when excluding the original image.

V. DISCUSSION

We confirmed that the proposed system is more accurate in
interpreting object positions than SoM is. One reason for this
phenomenon is that marks are only overlayed on the target
objects. Fig. 8-A shows the marked image generated by the
proposed system, and Fig. 8-B details an image generated

Fig. 8. Marked images output from the proposed system and SoM.
Proposed system output is correct answers because it overlays marks only
on the target object; SoM: may give wrong answers because it overlays
marks even on the floor.

Fig. 9. Example of similar objects. Soft ball and tennis ball are similar
in appearance and can be misidentified without labels.

by SoM. In Fig. 8-A, the proposed system outputs the correct
answer, pitcher (#2), when it receives the question, “The
object to the right of the spam can on the floor.” However,
in Fig. 8–B, the system outputs an incorrect answer for #5
marked on the floor. In SoM, the number is overlaid on the
floor on the right side of the spam, which is the cause of
the error. This case is frequent and contributes to the high
accuracy of the proposed system.

In addition, we confirmed that including labels from the
object detection model in text prompts improved accuracy.
We speculated that this phenomenon could be because the
inclusion of labels would reduce the misidentification of
similar objects. Fig. 9 details a soft ball and tennis ball
as examples of similar objects. Without labels, when the
proposed system receives a question, “The object to the right
of the soft ball on the floor,” output the incorrect answer, an
object to the right of the tennis ball. This problem occurs
frequently and is a crucial for including labels to improve
accuracy.

Furthermore, we confirmed that GPT-4o, GPT-4, and
Gemini-1.5-pro improved the accuracy by several points
when inputting the original image. We expected this result
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TABLE I
EXPERIMENTAL RESULTS OF INTERPRETING OBJECT POSITIONS. WE USED A CORRECT ANSWER RATE [%] AS A EVALUATION METRIC.

Models
GPT-4o GPT-4 Gemini-1.5-pro Gemini-1.5-flash

w/ Labels + Original image 84.0 69.0 74.0 74.5
Proposed w/ Labels 79.0 68.0 68.5 76.5
system w/ Original image 58.0 41.5 55.5 39.0

- 55.0 40.5 51.0 44.5

SoM w/ Original image 55.5 41.5 36.5 41.5
- 53.5 36.5 29.5 40.5

Fig. 10. Example of an image in which the answer is improved by inputting
the original image.

because the marks on the image would hide the objects.
Therefore, more accurate object recognition can be achieved
by inputting an original image that is not covered. Fig. 10
shows an example of an image in which the answer was im-
proved by inputting the original image. In Fig. 10, YOLOv8
incorrectly recognizes “baseball” (#10) as a “peach.” There-
fore, without the original image, the proposed system outputs
the incorrect answer 8 for the question “The object at the left
of the baseball on the middle shelf.” However, when using
the original image, the proposed system outputs the correct
answer of 2. These results suggest that inputting the original
image can reduce the effect of mislabeling because of the
misrecognition of the object detection model.

Moreover, we consider that the decrease in the correct
answer rate for the Gemini-1.5-flash could be attributed to
the increased number of input tokens. Mosh et al. reported
that in models such as Gemini, the inference performance
decreases as the number of input tokens increases [29],
indicating that more data input does not necessarily improve
accuracy. On the other hand, Gemini-1.5-pro, with its more
advanced token processing capabilities, is presumed to be
able to effectively use additional information (labels and
original images). However, many unresolved issues regarding
VLM remain, and detailed research and verification are nec-
essary. We focused on achieving accurate object recognition
by inputting the original image in which the object is not
hidden because the marks on the marked image hide the
object.

VI. CONCLUSION

In this study, we proposed a novel system that interprets
the relationship between target object positions by using an
object detection model and a VLM. The proposed system
for interpreting the relationship between object positions in
an image uses an object detection model to overlay marks
only on target objects. The VLM interprets the relationship
between the marked object positions in the image and outputs
the appropriate answers to the questions. Through the exper-
iment, we confirmed that the proposed system outperformed
SoM in terms of interpreting object positions. However, the
percentage of correct responses was only 84%.

In the future, we plan to further improve accuracy by fine-
tuning VLMs with marked images and their descriptions. Yan
et al. propose a novel learning method utilizing SoM [30]:
fine-tuning VLMs with marked images generated by SoM,
which significantly improves visual inference performance
and reduces misrecognition. We consider that fine-tuning
the VLM with the marked image output from our proposed
system will result in higher accuracy. Furthermore, we aim
to implement the system on a robot and make it actually
work.
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