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Abstract

Object Re-identification (ReID) is a fundamental task in
computer vision, enabling systems to recognize and track
the same object across different frames and viewpoints,
lighting conditions, and environmental contexts. In robotic
applications, reliable object ReID is essential for enabling
robots to maintain persistent identity of objects over time.
While person and vehicle ReID have been extensively stud-
ied, object-level ReID remains unexplored. In this work,
we present an empirical comparative study of state-of-the-
art representation learning algorithms - DINO, DINOv2,
Triplet, I-JEPA, and CLIP, which are applied to object ReID
in an office environment. We construct a custom office
dataset, capturing diverse office objects. Each image is
cropped using Grounding DINO for object detection. We
extract embeddings for each object instance and perform
ReID by computing cosine similarity. Performance is as-
sessed by measuring whether the top-matching image cor-
responds to the correct object, using Mean Average Preci-
sion, Top-1 and Top-5 metrics.

1. Introduction
Object Re-Identification (ReID) aims to detect and track
specific objects across various camera viewpoints and envi-
ronments. It plays a crucial role in surveillance systems and
autonomous robotic applications, where the goal is to have a
continuous mapping between detections and unique objects
known as an open-world re-identification [11]. This leads a
foundation in robotic systems, where a robot is able to re-
identify the object and track it, or bring it to a person. Cur-
rent solutions often focus on person ReID [12, 15, 16, 18],
vehicles ReID [1, 10], or pet reID [14], therefore, there is a
lack of studies on generalization to various objects. These

methods remain dependent to a specific category, and they
struggle to generalize on other unseen objects. Object rep-
resentation learning methods are powerful for ReID tasks
and usually used for person, vehicle, and pet ReID [17].

Current object representation methods are dominated by
self-supervised learning (SSL) techniques, which aim to
learn discriminative embeddings without requiring manual
labels. These approaches typically maximize the similar-
ity between different augmented views of the same image
while minimizing similarity between views of different im-
ages, using a contrastive learning objective. Methods us-
ing this paradigm of learning include DINO [3], DINOv2
[7], CLIP [8], Triplet loss learning [5], and I-JEPA [2]. Al-
though all of them produce high-quality embedding spaces,
they differ in training strategy and the type of supervision
which is used. However, these methods were extensively
tested in person, vehicle, and animal ReID tasks, and still
lack evaluations with various objects.

To enable generalization to open-set vocabularies of ar-
bitrary objects, it is essential to evaluate existing ReID ap-
proaches beyond traditional domains such as person, ve-
hicle, and animal re-identification. Indoor environments
like offices which contain various objects (e.g., moni-
tors, keyboards, books, personal items) whose identification
may need to be consistently recognized across viewpoints.
Studying ReID performance in such settings is therefore
crucial for understanding the limits of current methods and
their ability to generalize to broader object categories.

This paper presents a comparative analysis of the SSL
methods used in an office environment for various object
ReID, with the goal to identify potential limitations and fu-
ture improvements. Our primary contributions include:

1. A pipeline for extracting cropped object images and
constructing a database with assigned IDs, using Ground-
ing DINO [6] for detection and Segment Anything Model 2



(SAM 2) [9] for precise segmentation across frames.
2. Extraction of feature embeddings using five models,

followed by a ReID evaluation using an input query image
and three metrics: Mean Average Precision (mAP), Top-1
and Top-5 accuracies.

2. Related Work
2.1. Models overview
Vision foundation models such as DINO and DINOv2 uti-
lize large-scale self-supervised learning to obtain general-
purpose visual representations that transfer effectively
across domains. In this study, we evaluate five represen-
tative embedding models - DINO, DINOv2, CLIP,

Triplet learning, and I-JEPA, whereas each model learns
similarity-preserving features.

DINO employs a student–teacher self-distillation frame-
work in which the student network is trained to match the
teacher’s predictions across augmented image views.

DINOv2, an improved successor of DINO, combines cu-
rated large-scale training data with architectural refinements
and more stable optimization strategies.

CLIP adopts a multimodal contrastive objective that
aligns images with their textual descriptions, allowing it to
learn rich semantic embeddings but with behavior that dif-
fers from instance-level discrimination.

DINO, DINOv2 and CLIP rely on a contrastive learn-
ing objective that encourages embeddings of different aug-
mented views of the same image (positives) to be simi-
lar, while pushing apart embeddings of other images (nega-
tives). A standard InfoNCE contrastive loss (Eq. 1) is used.

Lcontrastive = − log
exp

(
sim(zi, z

+
i )/τ

)∑N
j=1 exp (sim(zi, zj)/τ)

, (1)

where zi and z+i denote embeddings of two augmented
views of the same image, sim(·) is cosine similarity, and τ
is a temperature parameter.

Triplet learning is based on supervised metric learning,
optimizing embeddings such that an anchor is closer to a
positive sample (same identity) and farther from a negative
sample.

Triplet-based model optimizes a supervised metric learn-
ing objective (Eq. 2) that enforces an anchor a to be closer
to a positive sample p (same identity) than to a negative
sample n (different identity).

Ltriplet = max (0, d(f(a), f(p))− d(f(a), f(n)) + α) ,
(2)

where d(·) is a distance function (e.g., Euclidean) and α is
the margin.

Finally, I-JEPA introduces a non-contrastive predictive
objective, where the model predicts high-level representa-
tions of masked spatial contexts.

I-JEPA uses a non-contrastive predictive objective (Eq.
3). Instead of comparing augmented views, the model pre-
dicts the latent representation of masked target regions us-
ing the context region.

LI-JEPA = ∥gθ(xcontext)− fϕ(xtarget)∥22 , (3)

where gθ predicts high-level representations of masked spa-
tial regions, and fϕ encodes the ground-truth target regions.

2.2. Similarity measurement
Cosine similarity (Eq. 4) is used to measure the closeness
between feature embeddings extracted from the query im-
age and those stored in the cropped object database.

cos(x, y) =
x · y

∥x∥ ∥y∥
. (4)

Given two embedding vectors, cosine similarity mea-
sures how aligned they are in the high-dimensional feature
space, independent of their magnitude. This makes it partic-
ularly suitable for representation learning methods, where
the direction of the embedding vector captures semantic in-
formation.

2.3. Evaluation Metrics
We evaluate the re-identification performance using three
standard metrics: mean Average Precision (mAP), Top-1
accuracy, and Top-5 accuracy.

Top-k accuracy measures whether the correct iden-
tity appears within the top k highest-ranked database im-
ages based on cosine similarity. Top-1 accuracy indicates
whether the top retrieved match is correct, while Top-5 ac-
curacy verifies whether the correct identity is found among
the five most similar results.

mAP provides a more comprehensive retrieval evalua-
tion. For each query, the Average Precision (AP) measures
how consistently relevant images are ranked above irrele-
vant ones. mAP (Eq. 5) is then computed as the mean AP
across all queries:

mAP =
1

N

i=N∑
i=1

APi, (5)

where N is the number of query images.
Together, these metrics provide insights into the retrieval

behavior of the evaluated models.

3. Methodology
As shown in Figure 1, the pipeline workflow consists
of three main stages: dataset preprocessing, object re-
identification using pre-trained models to extract feature
embeddings, and similarity computation between a new in-
put image and the feature vectors stored in the cropped ob-
ject database.



Figure 1. Overview of the proposed object ReID pipeline. Input frames are processed with GroundingDINO via prompt with objects. Each
distinct object is assigned with a unique ID. For each image, the feature representation embeddings are calculated with 5 methods and
evaluated with mAP, Top-1, Top-5 metrics.

Figure 2. Overview of the cropped dataset. Each input image is
processed with Grounding DINO to retrieve an object and crop
it. Each object can have multiple cropped images captured from
different viewpoints.

3.1. Dataset Acquisition and Pre-processing

The dataset (Figure 2) was collected in the office environ-
ment with total of 521 frames, which were used to get
cropped images for object ReID. To adapt the dataset for
the ReID task, we utilized GroundingDINO for object de-
tection via textual prompts, and SAM 2 for precise segmen-
tation over frames. The correspondings IDs of each distinct
object are preserved for each cropped image.

3.2. Feature embeddings calculations

Once we have cropped images of different classes and pre-
served IDs, the embeddings are calculated using 5 previ-
ously described models: DINO, DINOv2, CLIP, Triplet, I-
JEPA. Finally, for each cropped image’s embedding we find
the most closest ones in the database, and measure the ac-
curacy using mAP, Top-1 and Top-5 accuracies.

An important note is that a derived class from Ground-
ingDINO prompt is compared only with the same class,
which might lead to better accuracy.

3.3. Evaluation on Previously Unseen Data

In addition to evaluating performance on the full dataset, we
conduct an additional experiment using previously unseen
images. For this experiment, a new set of images was man-
ually captured using a phone camera. Grounding DINO was
again applied to these images using textual prompts corre-
sponding to the target object categories to obtain cropped
query objects. Once a query crop was extracted, its feature
embedding was computed using each of the five models.

The embedding of the query was then compared with all
stored embeddings in the cropped-object database, and the
system retrieved the top three most similar objects based on
cosine similarity. This setup simulates a realistic use-case in
which a user presents a new photo and the system attempts
to identify the same object instance from the database.



Table 1. Comparison of re-identification performance of various
models on the office dataset.

mAP Top-1 Top-5
CLIP [8] 60.8 62.5 79.3
DINO [3] 76.4 69.3 89.1
DINOv2 [7] 80.4 76.3 92.3
I-JEPA [2] 66.7 65.9 88.2
Triplet [5] 85.1 79.1 94.4

Figure 3. Ranking results of the best-performing model (Triplet)
on previously unseen query images. The queries include a chair, a
box, a monitor, a flipped box, and a rotated bottle.

4. Experiments and Results

In the experimentation setup, we retrieve cropped images of
11 next popular objects in the office environment: monitor,
keyboard, mouse, box, bottle, cabel, whiteboard, chair, cup,
marker, book.

The quantitative results are described in the Table 1, and
highlight, that the Triplet algorithm obtained the best re-
sults, achieving 85.1% of mAP, 79.1% of Top-1 accuracy,
and 94.4% of Top-5 accuracy. All the algorithms achieved
high Top-5 accuracy, except CLIP, achieving 79.3%.

A second experiment was designed to assess the gener-
alization ability of the models to new, previously unseen
photos of the same office environment under challenging
conditions: flipped and rotated images.

Retrieval performance in this setting is qualitatively ana-
lyzed by inspecting whether the true object instance appears
among the top retrieved results, as presented in Figure 3.

As we can observe from the Figure 3, in most cases
Rank-1 selects the correct object after the embedding com-
parison. However, when the query object is rotated or
flipped, we notice that the performance may degrade and
select wrong objects with similar colour. We realize that

Figure 4. 3D point cloud representation of the office environment,
reconstructed by π3 method.

the high accuracy might be due to the fact of a relatively
small dataset, where there is no such a huge variety of ob-
jects of the same class. Therefore, to enhance this work, it
is suggested to collect a database with more distinct items.

5. Limitations
This study has several limitations that should be considered
when interpreting the results. First, the dataset used in our
experiments is relatively small, with a limited number of
distinct object instances per class. Although the models
are evaluated using retrieval-based metrics such as mAP,
Top-1, and Top-5 accuracy, a small number of identities
per category can artificially increase performance, since ob-
jects of same class are compared only within that class.
In larger-scale settings, where many more object identi-
ties exist within each category (e.g., hundreds of different
keyboards or monitors), the re-identification task becomes
substantially more challenging. As a result, we expect that
expanding the dataset to include more distinct objects and
greater appearance diversity would likely decrease the mea-
sured accuracies, providing a more realistic assessment of
model generalization.

6. Future Work
From the 521 image frames collected, we also reconstructed
a 3D point cloud representation of the office environment
(Figure 4) using the π3 model [13]. This reconstruction
provides spatial context that extends beyond the 2D cropped
images used for re-identification.

In future work, we plan to integrate 3D data with the Seg-
ment Any 3D Gaussian [4] algorithm for semantic Gaussian
segmentation. This will allow us to assign semantic labels
to 3D regions and precisely locate each identified object
within the reconstructed office space. Such a multimodal
2D-3D pipeline would enable one to recognize not only ob-
ject identities but also their exact physical positions.



7. Conclusion

This study demonstrates the feasibility of applying self-
supervised and metric-learning models for object ReID in
real-world office environments. By evaluating five rep-
resentation models on a custom dataset of office objects,
we show that feature-based retrieval pipelines can iden-
tify object instances using only cropped images and cosine
similarity. The results highlight notable performance dif-
ferences between contrastive, predictive, and triplet-based
methods, with DINOv2 and the triplet model showing the
highest discrimination quality. Overall, this work provides
an initial benchmark for office-object ReID and establishes
a foundation for future research on larger datasets, im-
proved detection pipelines, and more robust models.
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