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Abstract— Robots that assist humans in their daily lives
should be able to locate specific instances of objects in
an environment that match a user’s desired objects. This
task is known as instance-specific image goal navigation
(InstanceImageNav), which requires a model that can
distinguish different instances of an object within the same class.
A significant challenge in robotics is that when a robot observes
the same object from various 3D viewpoints, its appearance
may differ significantly, making it difficult to recognize and
locate accurately. In this paper, we introduce a method called
SimView, which leverages multi-view images based on a 3D
semantic map of an environment and self-supervised learning
using SimSiam to train an instance-identification model
on-site. The effectiveness of our approach was validated using
a photorealistic simulator, Habitat Matterport 3D, created by
scanning actual home environments. OQur results demonstrate
a 1.7-fold improvement in task accuracy compared with
contrastive language-image pre-training (CLIP), a pre-trained
multimodal contrastive learning method for object searching.
This improvement highlights the benefits of our proposed
fine-tuning method in enhancing the performance of assistive
robots in InstancelmageNav tasks. The project website is
https://emergentsystemlabstudent.github.io/MultiViewRetrieve/.

I. INTRODUCTION

In indoor environments, when a user does not know the
location of a desired object, a robot’s ability to discover an
object identical to a query image previously captured by the
user becomes an important task. For example, if a user wants
the robot to check whether their cell phone is on a chair,
the robot must move closer to the chair. However, multiple
“chairs” exist in the environment, as shown in Fig. 1. To
efficiently execute tasks in such situations, the robot must
distinguish between instances of the same class of objects
present in the environment, identifying those desired by
the user and those that are not relevant. Instance-specific
image goal navigation (InstanceImageNav) was proposed
as a task for locating a specific instance to a query image
within an environment [1]. When a robot observes an object
while exploring a 3D space, images of the same instance
can include images from various 3D viewpoints, such as
observing it from the back, as shown in Fig. 1 (top). Here, the
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Fig. 1. Tasks and challenges addressed by this study. The robot observes
the same object from various angles of view. Therefore, a model that learns
the similarities between images from different 3D viewpoints is required to
identify objects similar to a given query image.

robot may have difficulty recognizing the two as the same
instance. Thus, a challenge is calculating the similarity of
images of the same object from different 3D viewpoints.
Contrastive language—image pre-training (CLIP) [2] has
attracted interest for its applications in various robotic tasks,
such as NLMap [3] and CLIP-Fields [4]. CLIP pre-trains
via multimodal contrastive learning with pairs of images
and their captions. CLIP models effectively group objects
with the same name into categories, resulting in excellent
performance in category-based tasks. However, this approach
can be ineffective in instance-based fine-grained tasks such
as InstancelmageNav (see Section II-A). This is because
categories ignore the differences between instances within
the same category. Therefore, we had key insights into using
unimodal contrastive learning with image pairs to address
this challenge and improve the instance-based performance.

This study explored methods that pre-train image pairs
through contrastive learning [5]-[8] (see Section III-A for
details). Self-distillation methods such as SimSiam [6] and
DINOvV2 [7] are used to create feature vectors of images
generated through data augmentation from a single image.
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Models trained through unimodal contrastive learning be-
tween images can achieve higher similarity in feature vectors
for images of the same instance and acquire discriminative
representations between instances [7]. Therefore, for the
InstancelmageNav task, we consider the feature vector ob-
tained from an image encoder trained through self-distillation
to be more effective than those obtained from the CLIP image
encoder. The proposed system records the feature vectors
of an instance trained through contrastive learning and their
positions on a map. We verified that self-distillation has a
higher success rate than the CLIP image encoder in the
InstancelmageNav task.

An important approach in this study was the fine-tuning
of the latent space such that the feature vectors of multi-
view images of the same instance become similar (see Fig. 1
(top) and Section II-B). Robots can explore independently,
collect datasets of their environment, and learn. The pro-
posed system automatically labels images using a robot’s
3D semantic map. This approach improves the similarity
between multi-view images of the same object, enabling
the simultaneous performance of contrastive learning and
image-label classification within a self-supervised learning
framework. Such an approach can be applied not only to
home environments but also to image searches for products
in convenience stores and warehouses.

The aims of this study were as follows: (i) To investigate
whether an image encoder trained with contrastive learn-
ing [5]-[7] is more suitable for instancelmageNav than CLIP
models trained with multimodal contrastive learning. (ii) To
investigate whether self-supervised learning with observed
object images and pseudo-labels based on 3D semantic maps
can acquire instance-specific multiview representations.

The following are the main contributions of this study:

1) We show that models from contrastive learning be-
tween images are superior to CLIP, which involves
multimodal contrastive learning between vision and
language, for instance-level object identification.

2) We show that increasing the similarity between iden-
tical object images from different viewpoints observed
by the robot in the framework of self-supervised learn-
ing improves object instance retrieval that is identical
to the query image.

II. PROBLEM STATEMENT

This study addressed two critical challenges essential for
advancing the InstancelmageNav using contrastive learning.

A. Problem 1: Zero-shot InstancelmageNav by Contrastive
Learning

CLIP solves zero-shot classification tasks with high ac-
curacy by using similarities between object class names and
image feature vectors [2]. However, CLIP has been suggested
to be unsuitable to fine-grained tasks [9]-[11] that search for
something in sub-classes within the same class. Hence, we
hypothesize that an encoder trained through self-distillation
is more effective than the CLIP image encoder for the
InstancelmageNav task.

B. Problem 2: Visual Feature Similarity in Multi-View Im-
ages

When a robot explores an environment and observes an
object, it does so from various 3D viewpoints. Here, a
problem occurs in that the success rate of Instancelmage-
Nav decreases owing to the possibility that the appearance
may be significantly different. In addition, maximizing the
similarity between images using contrastive learning with
such a dataset of multi-view images may be difficult, as
shown in Fig. 1 (top left)). Generally, contrastive learning
uses data augmentation to maximize the similarity between
two different images in which a two-dimensional viewpoint
change is performed on a single image. To improve in-
stance identification from different viewpoints, a pre-trained
model must be fine-tuned on multi-view images of the
same instance collected by the robot, thereby enhancing the
similarity between the images.

III. RELATED STUDIES

This section summarizes the related studies on the two
aspects of contrastive learning and object retrieval.

A. Contrastive Learning

Contrastive learning is a method of learning image fea-
ture representations in a self-supervised manner. Contrastive
learning methods are broadly divided into methods that use
negative pairs [5], [8] and self-distillation methods, which
do not use negative pairs [6], [7], [12], [13]. Methods using
negative pairs are trained using data augmentation to maxi-
mize the similarity between the same images and minimize
the similarity between different images. Because training is
conducted to maximize the similarity between images of
the same instances, a model that has learned image feature
representations through contrastive learning can learn dis-
criminative representations between different instances [14].
Therefore, models pre-trained using contrastive learning are
suitable for tasks requiring discrimination between instances,
such as InstancelmageNav [1].

As a self-distillation method, SimSiam was proposed as a
method in which two different images generated from a sin-
gle image through data augmentation are input into a convo-
lutional neural network to maximize the cosine similarity of
their feature vectors [6]. Furthermore, DINOv2 inputs images
generated through data augmentation into separate vision
transformers (ViTs) to minimize the cross-entropy between
the class and patch tokens of two ViTs [7]. Additionally,
Oquab et al. experimentally demonstrated a self-distillation
method that achieved high accuracy in similar-image retrieval
from a database of images of objects identical to those in a
query image [7].

B. Object Retrieval

To solve InstancelmageNav, Kranz et al. proposed a
method in which navigation policies are learned through
deep reinforcement learning and the robot does not have
an explicit environment map [1]. However, this approach
requires large amounts of data and suffers from over-fitting.
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In addition to the methods for solving object search tasks
based on deep reinforcement or imitation learning [1], [15],
methods that utilize the explicit environment map of a robot
have been proposed [3], [4]. For example, Chen et al
proposed a method for calculating the feature vector of
an observed object image using a CLIP image encoder.
They constructed a semantic map called NLMap that records
the position information of an object feature vector [3].
Specifically, an instruction such as “Bring me a snack” is
given. The word feature vector of the target object “snack”
is calculated using a CLIP text encoder. The object search
task is solved by calculating the similarity between the object
feature vectors recorded in NLMap and the word feature
vector and identifying the position of the most similar object.
A method in which a robot uses an explicit map of the
environment for object search tasks was shown to achieve
a higher success rate in real-world tasks than a method in
which the robot learns a navigation policy in an end-to-
end manner. [16]. Therefore, this study adopted an approach
using an explicit environment map inspired by NLMap [3].

In addition, CLIP-Fields constructs a 3D semantic map
by learning, such that the feature vectors of each point on
the 3D point cloud map are similar to those obtained from
the CLIP image encoder [4]. CLIP-Fields solves the object
search task by calculating the similarity between the feature
vector obtained from the CLIP text encoder and the feature
vector of the point cloud of the 3D semantic map and then
searching for the target object’s position.

Semantic map methods using CLIP feature vectors, such
as NLMap [3] and CLIP-Fields [4], can perform zero-
shot object search tasks because CLIP is highly accurate
for zero-shot classification tasks. However, as explained in
Section III-A, CLIP is poor at fine-grained classification.
Therefore, the semantic map created using CLIP feature
vectors is unsuitable for InstancelmageNav. Shafiullah et al.
suggested that the location at which a given image query
is captured using CLIP-Fields can be coarsely identified.
However, whether the location of a specific object as required
by InstancelmageNav can be searched has not been verified.

IV. PROPOSED SYSTEM

In the proposed system, a robot explores the environment,
identifies an instance identical to a given query image among
the collected object images, and uses a 3D semantic map of
the environment to locate the position of the target object.
In addition, we propose a method called semantic instance
multi-view contrastive fine-tuning (SimView) for fine-
tuning pre-trained models using a self-supervised learning
framework to improve the task accuracy in the environment.
Fig. 2 shows an overview of the proposed system.

A. Vector Registration using the Registration Module

1) Exploration of Environment: Exploration points are set
up at the same intervals in the free space on a 2D map,
and the robot explored the environment by visiting these
exploration points. In this study, the exploration points were
placed at 30-cm intervals.

2) Observation of Object Image: While the robot explores
the environment as shown in Fig. 2, 2D mask images are
generated using ray tracing with a segmented 3D map and
camera poses. Generating mask images from a 3D map en-
ables the same object to be associated across different frames.
The observed mask images are converted into bounding
boxes (BBoxes), and the robot extracts the BBoxes regions
from the observed RGB images to observe the objects.
When the BBoxes of each object are extracted from the
RGB image, it is adjusted to match the longer side of the
BBox. In addition, areas outside the original RGB image are
interpolated in only black.

3) Registration of Feature Vector of Object Image: The
images of the observed objects are pre-processed and fed into
a pre-trained encoder to convert them into feature vectors. In
this study, the observed images were resized to 256 x 256;
subsequently, a 224 x 224-pixel image was cropped around
the image center and normalized before being input into
the encoder. The types of transformations used for pre-
processing and the parameters used for normalization were
the same as those employed in previous studies [6]. In
addition, when the same object was observed multiple times
in the environment, the observed feature vectors for each
object were recorded in a single set.

B. Self-Supervised Fine-Tuning using an Instance Classifier

This module fine-tunes the image encoder, which is pre-
trained via contrastive learning using self-supervised learn-
ing, object images observed by the robot while exploring the
environment, and their pseudo-labels. When a robot explores
an environment and observes objects, images of the same
instance include those observed from various angles. In a
preliminary experiment, we confirmed that, when fine-tuning
a pre-trained model using only contrastive learning on such a
dataset, the accuracy of discrimination between instances is
worse than that of the trained model. Therefore, we propose
a method for simultaneously training linear classifiers using
contrastive learning. We use the object instance ID ¥iyye
obtained from a 3D semantic map of the robot’s environment
as the pseudo-labels.

In addition, a contrastive learning method using negative
pairs is recommended for training with a very large batch
size and requires a large amount of data for learning [5].
To conduct fine-tuning, the robot must continue exploring
the environment for a long time and collect images of the
objects. Therefore, we use SimSiam for fine-tuning, which
enables learning even with a small batch size [6]. This
module conducts fine-tuning to minimize the following loss
function:

1
L= i{CosSim(h, 2') + CosSim(R/, 2)}
ey
1
+ §{CE(ypred7 ytrUE) + CE(y;;redv ygrue)}7

where CE() and CosSim() denote cross-entropy and cosine
similarity, respectively. z and h are the outputs of SimSiam’s
projector and the predictor of the object image x observed by
the robot, respectively. ¥4 is the instance ID of x predicted
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Fig. 3. Parameters to be fixed during fine-tuning. All parameters up to the
third block of ResNet50 used in SimSiam were fixed.

by the classifier. Here, = and 2’ are different images of the
same instance generated via data augmentation, respectively.
The same applies to the other primed variables, 2/, h/, y;we d»
and yi/&rue'

In addition, we can quickly introduce the robot into a task
environment by reducing the time required for fine-tuning.
Therefore, we used a method to reduce the time required for
fine-tuning by fixing certain parameters. Fig. 3 shows the
relevant parts of the parameters that were fixed during fine-
tuning. Specifically, the parameters up to the third block of
ResNet50 [17] used in SimSiam were fixed and the other
parameters were fine-tuned.

Please refer to the Appendix for details regarding the
effectiveness of training SimSiam with a classifier.
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C. Instance Identification using the Retrieval Module

The given query image I, is input into a pre-trained en-
coder, resulting in a feature vector denoted as q. Furthermore,
we represent the observed feature vectors with instance ID
ias aset Z; = {zi,n}ﬁil. N; denotes the number of times
an object with instance ID ¢ is observed.

The cosine similarity between the query image g and ob-
served feature vectors Z; is calculated as CosSim(z; ,,, q) =

Zind - for each set of feature vectors corresponding to

Izi.nlllqll
each instance ID, as follows:

m; = max({CosSim(z; ,,q) 27 ,). 2)
From multiple similarities, the maximum value m; is se-
lected. An image encoder trained using contrastive learning
embeds an image onto the surface of a spherical space [18].

Finally, the instance ID Jiger With the highest similarity
among the sets of maximum similarities {mn;};_, for each
instance is obtained as follows:

3)

Juarger = argmax({m; }}']=1)-
j

The position of the target object is obtained using the in-
stance ID Jyuger from the search results and the 3D semantic
map. The robot can navigate to a target position using a map.

V. EXPERIMENT

This experiment aimed to verify that an image encoder
pre-trained by contrastive learning of only image pairs is
more suitable than CLIP for identifying the same object as
the query image, and to verify the effectiveness of fine-tuning
using images observed by the robot.
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TABLE I
RESULTS OF AVERAGING MAP IN EACH ENVIRONMENT FROM 10 REPEATED TRIALS OF SIMILAR-IMAGE SEARCH

[ Comparison Methods [ Arch. [ Env.1 [ Env.2 [ Env.3 [ Env.4 [ Env.5 [ Env. 6 [ Env.7 | Env. 8 [ Env.9 | Avg. |
SimView (Ours) ResNet50 0.79 0.67 0.68 0.91 0.68 0.45 0.72 0.74 0.8 0.72
SimSiam [6] ResNet50 0.70 0.58 0.56 0.80 0.65 0.41 0.63 0.68 0.75 0.64
DINOV2 [7] ViT-B/14 0.51 0.48 0.45 0.66 0.71 0.41 0.55 0.44 0.61 0.54
SimCLR [5] ResNet50 0.65 0.56 0.52 0.83 0.64 0.45 0.66 0.62 0.75 0.63
v CLIP [2] ResNet50 0.51 0.36 0.35 0.51 0.48 0.44 0.42 0.44 0.59 0.46
v'CLIP [2] ViT-B/16 0.56 0.38 0.37 0.47 0.48 0.37 0.38 0.35 0.48 0.43

The methods marked with v represent those pre-trained through contrastive learning between text and images.

Environment 9

I 8
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Fig. 4. Allocentric view of the nine environments used in the experiment

(a) RGB 3D mesh

(b) Semantic 3D mesh

Fig. 5. Example 3D mesh data which is included in HM3D.

A. Dataset

We used nine 3D meshes from the Habitat Matterport 3D
(HM3D) created by scanning actual home environments [19].
These nine 3D meshes were scans of single-floor domestic
environments, as shown in Fig. 4. As shown in Fig. 5, HM3D
includes 3D meshes containing RGB data and 3D meshes
segmented for each instance. In this experiment, we used 3D
meshes containing RGB data with the habitat simulator [20]
as the simulation environment, whereas we used segmented
3D meshes as the 3D semantic map of the environment of
the robot.

Furthermore, we used images included in the dataset pro-
posed by Krantz er al. [1] as the query images. This dataset
includes parameters such as the camera position, orientation,
and resolution when capturing a particular instance. Based
on this information, images were captured. Using a method

similar to that described in Section IV-A.2, only the regions
of interest for the target instances were cropped to collect
query images.

In addition, this dataset contains query images for over
10 different instances for each environment, all of which
belong to one of the six classes: “bed,” “chair,” “TV,” “plant,”
“toilet,” or “couch.”

B. Experimental Settings

Stochastic gradient descent (SGD) was used as the op-
timizer for all conditions. During the training process, we
unified several hyperparameters across different training con-
ditions. The batch size was set to 32, with a learning rate of
0.07. We used a weight decay of 1.5 x 10~% and momentum
of 0.9. The training was conducted for 100 epochs. These
hyperparameters were selected to ensure consistency and
comparability of the experiments. The learning rate was
allowed to decay as the training progressed using a cosine
scheduler [21]. Four types of data expansion were used
during training: crop and resize, color jitter, grayscale, and
horizontal flip. A PC with an Intel Core 19-9900K and an
Nvidia RTX 2080 was used in this experiment.

C. Metrics

We used the mean average precision (mAP), which was
used in a similar image-retrieval benchmark [22], for the
evaluation metrics. The mAP is computed by averaging
the average precision (AP) for each instance. The AP is
calculated as AP = 4 25:1 P,,, where N is the number
of instances, and P,, is the precision. Because the number of
images to be retrieved is one, P,, is 1 if the retrieved image is
the same as the query image, and O otherwise. Subsequently,
the mAP is calculated as the average AP when K different
query images are prepared for each instance. Therefore, the
mAP is calculated as follows:

1 K
AP = ?;AP,C,

where K is the number of query images for each instance;
in this experiment, K = 10.
We also investigated the reasons for the search failures.
There are two possible types of search failures.
1) An object in the query image and its class are the same,
but a different instance ID is retrieved.
2) A different object from the class of query image is
retrieved.

“)
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TABLE I
RESULTS OF THE ERROR ANALYSIS OF SEARCH RATES

[ Methods | Diff. instance | | Diff. class | |
SimView (Ours) 0.11 0.17
SimSiam 0.17 0.19
DINOvV2 0.25 0.20
SimCLR 0.18 0.19
v'CLIP [ResNet] 0.18 0.36
v'CLIP [ViT] 0.19 0.38

(Diff. instance) Different instances within the same class;
(Diff. class) Object images with different classes.

We investigated the items of the two types of search failures
in terms of the failure rate using the assigned instance 1D
and object class labels from both the query image and the
3D semantic map. Each rate was calculated by performing
the task 10 times, calculating the average number of failed
searches in each environment, and averaging the results
across all environments.

D. Comparison Methods

We compared the self-distillation methods SimSiam [6]
(with pre-trained ResNet50) and DINOv2 [7] (with pre-
trained ViT), a contrastive learning method with image pairs
SimCLR [5] (with pre-trained ResNet50), and CLIP [2] (with
pre-trained ResNet50 and ViT). In addition, we compared the
pre-trained models with a fine-tuned model using SimView.

VI. RESULTS
A. Comparison Unimodal Contrastive Learning and CLIP

Table I lists the average mAP over 10 trials of similar
image retrievals. SimSiam resulted in higher mAP values
than the other methods in many environments. In addition,
SimCLR, a contrastive learning method other than SimSiam,
resulted in higher mAP values in many environments. Sim-
CLR was trained to maximize the similarity between two
images generated through data augmentation and minimize
the similarity with other images, which might result in a
higher similarity between images of the same object. How-
ever, the results of CLIP tended to show a larger difference
in mAP between SimSiam and CLIP than between SimSiam
and SimCLR. This was likely because CLIP, unlike unimodal
contrastive learning, does not learn the similarities between
different images of the same object. Table II lists the clas-
sification failure rates. As shown in Tab. II, compared with
ImageNet-pre-trained SimSiam and SimView, CLIP retrieved
images with a different instance or class from the query
image at a higher rate. Furthermore, Fig. 6 shows the three
neighborhood images of the query image for each method.
As shown in the bottom row of Fig. 6, where a TV image
is given as the query, the neighborhood images retrieved by
CLIP included the image from a different instance than the
query image and the image different from “TV.” In contrast,
all three images retrieved by SimSiam and SimCLR were the
same as the query images. These observations suggest that
encoders pre-trained with CLIP are less adept at capturing
fine visual similarities than unimodal contrastive learning.

As shown in Fig. 7 (a), in the latent space of ImageNet-
pre-trained SimSiam, images of different instances belonging
to the same class “TV” were separated in the latent space
compared with the latent space of CLIP. Based on these
results, we consider that an image encoder pre-trained with
the image contrastive task is effective in searching for an
object identical to a query image in the environment.

B. Comparison Pre-trained SimSiam and SimView

We also compared ImageNet-pre-trained SimSiam [23]
and SimSiam fine-tuned with images collected by exploring
the environment. As shown in Tab. I, eight of the nine
environments improved their metric scores, with scores, on
average, approximately 8% better than those of the pre-
trained SimSiam. Furthermore, as shown in Fig. 7, images
of the same instance were scattered in the latent space
of ImageNet-pre-trained SimSiam. However, in the latent
space of the fine-tuned SimSiam on Env3, images of the
same instance were densely distributed. Hence, compared
with ImageNet-pre-trained SimSiam, the fine-tuned SimSiam
latent space could separate different instances from each
other. We believe that this change in the distribution of
images in the latent space led to an improvement in mAP. As
shown in the bottom rows of Fig. 6, the three neighborhood
images retrieved from SimSiam or SimCLR contained in-
stance images different from the query image. However, the
three neighborhood images retrieved by fine-tuned SimSiam
were the same as those of the query image.

VII. CONCLUSION

We propose SimView, which leverages multi-view images
based on a 3D semantic map of the environment and self-
supervised learning by SimSiam to train an instance iden-
tification model on-site. This study investigated whether an
encoder trained through contrastive learning between images
is effective for a robot searching for an instance in an
environment that matches an object in a given query image.
The results showed that the encoder trained through self-
distillation and SimView is effective for InstancelmageNav
tasks compared with CLIP encoders pre-trained through
contrastive learning between text and images, which are used
in previous methods [3], [4].

A limitation of this validation is that both the observation
and query images used were rendered images from 3D
meshes containing RGB data, which may have introduced
domain-shift effects with the training dataset of the encoder.
For this validation, we assumed that the 3D map was pre-
created. Therefore, in the future, we will incorporate the 3D
semantic mapping method [24], [25] and validate it in the
real world.

APPENDIX: VERIFICATION OF THE FINE-TUNING
METHODS

We evaluated the effectiveness of fine-tuning a pre-trained
SimSiam model by comparing two approaches: with or
without an attached linear classifier. We also evaluated the
performance difference between tuning all encoder layers
and tuning only a subset.
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Results of obtaining the top three-nearest neighbors in the latent space of the query image. The red borders indicate images that contained a
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(b) Comparison ImageNet-pre-trained and SimView

Latent spaces of image encoders on Env. 3. In the scatter plot, different colors represent different instances. In (a), the latent space of SimSiam

pre-trained on ImageNet is more separated than the latent space of CLIP for images of different instances within the same class “TV”. In the red ellipse of
(b), images of the same instance are scattered in the latent space of the pre-trained model. However, In the blue ellipse of (b), the latent space of SimView
more closely clustered images of the same instance than the pre-trained model. In (a) and (b), the latent space of the pre-trained SimSiam is the same, but

the perspective of the 3D scatter plot differs between the two figures.

A. Multi-View Datasets

Multi-view Images of Rotated Objects (MIRO) [26]:
MIRO includes images in which only objects appear on white
backgrounds. This dataset contains 12 object classes with 10
instances for each class. Each instance was obtained from
160 camera poses. Thus, the entire dataset contains 19,200
images. In this validation, half of the images in the dataset
were used for training, and the remainder were used for
testing. Image labels were assigned to each instance.

Object Pose Incariance (ObjectPI) [27]: This dataset
differs from MIRO in that the images contain backgrounds
other than the target object, which are similar to the objects
observed by the robot in its environment. In this dataset,
image labels are assigned to each instance. Each instance
contains eight images captured in different directions. Ob-
jectPD’s training dataset contains 400 different instances. In
addition, the test dataset contains 100 types of instances.
Therefore, in the verification using ObjectPI, we fine-tuned
SimSiam using 3,200 images and tested it using 800 images.

B. Metrics

To evaluate the feature representation of the fine-tuned
image encoder, we clustered the image feature representation
obtained from the encoder using k-means and assigned a
cluster index to each image. We then used the adjusted rand
index (ARI) to quantify the degree of agreement between
the true label assigned to each image in the dataset and
the index assigned using k-means. A higher ARI score can

be interpreted as a feature representation that discriminates
between images of the same and different instances in the
latent space.

C. Training Conditions

We fine-tuned ImageNet-pre-trained SimSiam under four
conditions: (a) updating all parameters with a classifier, (b)
updating partial parameters with a classifier, (c) updating
all parameters without a classifier, and (d) updating partial
parameters without a classifier. Conditions (a) and (c) were
run for 100 epochs, whereas conditions (b) and (d) were
run for 50 epochs. The hyperparameters were maintained
consistent across all conditions, except for the number of
epochs. Under conditions (b) and (d), the parameters up to
the third block of ResNet50 used in SimSiam were fixed, and
the remaining parameters were updated (see Section IV-B).

D. Results

Table III lists the ARI scores under each learning condition
for the training and test data generated using MIRO and
ObjectPl. The table shows that the condition where some
parameters were learned using a linear classifier had the
highest ARI score for any dataset.

Fig. 8 shows the results of reducing the feature vectors
of the images of the MIRO training dataset, which were
calculated using the fine-tuned image encoder under each
training condition, to three dimensions using principal com-
ponent analysis (PCA). When training with a linear classifier,
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TABLE III
ARI SCORES IN EACH TRAINING CONDITION

Training Condition MIRO ObjectPI
Update param. Classifier | Train Test Train Test
All v 0.49 0.53 0.14 0.20
Partial v 0.85 0.59 0.50 0.66
All — 0.31 0.35 0.10 0.59
Partial — 0.34 0.38 0.48 0.59
Pre-trained SimSiam 0.31 0.33 0.42 0.58

The training and test data were created using MIRO and ObjectPI.

(a) All params w/ classifier (b) Partial params w/ classifier

o
!

[ ]

(c) All params w/o classifier (d) Partial params w/o classifier

Fig. 8. Scatter plots visualizing the feature vectors calculated using the
image encoder trained with the MIRO dataset for each condition, reduced
in dimension using PCA. Different colors represent different instances.

images are distributed throughout the latent space. Further-
more, when some parameters are updated with the attached
classifier, images of different instances can be separated in
the latent space of each instance compared with when all the
parameters are updated. Therefore, the ARI score is expected
to be the highest when a linear classifier is attached and only
partial parameters are updated.

However, when fine-tuning is conducted using only con-
trastive learning, images are distributed only in part of the
latent space, as shown in Fig. 8. This suggests that if fine-
tuning is performed using only contrastive learning on a
multiview dataset, learning discriminative feature represen-
tations is difficult. This may be caused by the appearance
of the same object in the multi-view dataset, which differs
depending on the angle of view when the object is captured.

Based on these results, an effective method to fine-tune the
pretrained SimSiam is by adding a linear classifier to train
SimSiam in the fine-tuning module of the proposed system.
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