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Abstract— In this paper, we address a recent trend in
robotic home appliances to include vision systems on personal
devices, capable of personalizing the appliances on the fly. In
particular, we formulate and address an important technical
task of personal object search, which involves localization and
identification of personal items of interest on images captured
by robotic appliances, with each item referenced only by a
few annotated images. The task is crucial for robotic home
appliances and mobile systems, which need to process personal
visual scenes or to operate with particular personal objects
(e.g., for grasping or navigation). In practice, personal object
search presents two main technical challenges. First, a robot
vision system needs to be able to distinguish between many fine-
grained classes, in the presence of occlusions and clutter. Sec-
ond, the strict resource requirements for the on-device system
restrict the usage of most state-of-the-art methods for few-shot
learning and often prevent on-device adaptation. In this work,
we propose Swiss DINO: a simple yet effective framework for
one-shot personal object search based on the recent DINOv2
transformer model, which was shown to have strong zero-
shot generalization properties. Swiss DINO handles challenging
on-device personalized scene understanding requirements and
does not require any adaptation training. We show significant
improvement (up to 55%) in segmentation and recognition
accuracy compared to the common lightweight solutions, and
significant footprint reduction of backbone inference time (up
to 100×) and GPU consumption (up to 10×) compared to the
heavy transformer-based solutions1.

I. INTRODUCTION
Computer vision has a pivotal role in mobile systems and

home appliances to understand the surroundings and navigate
in complex environments. Scene understanding deep neural
networks have obtained outstanding results and have been
successfully deployed to mass-accessible personal devices:
for example industrial or domestic service robots (e.g.,
vacuum cleaners), assistive robots, and smartphones.

Recently, increasing attention [1]–[3] has been devoted on
the personalization of on-device AI vision models to tackle a
variety of practical use cases. In this work, we focus on per-
sonal item search, whereby we want robot vision systems to
localize and recognize personal user classes (or fine-grained
classes, e.g. my dog Archie, her dog Bruno, my favorite
cup, your favorite flower, etc.) on scenes. Specifically, a user
provides a small number of reference images with location
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annotations (either a segmentation map or a bounding box)
for each personal item. Then, given a new scene, a visual
system needs to i) determine which of the personal objects
are present in the scene, and ii) provide the location (in the
form of a segmentation map or bounding box) for each of
the personal objects present in the scene. This task has found
significant applications for personal assistants and service
robots: for navigation (e.g., reach my white sofa), HRI (e.g.,
find my dog Archie), grasping (e.g., bring me my phone), etc.

Previous works have focused on different aspects of the
task. The closest comparison task to ours is the few-shot
semantic segmentation [4], which aims to segment an object
on the scene given a provided reference image and mask.

In this paper, we aim to address the following limitations
of existing few-shot semantic segmentation methods. First,
existing solutions only evaluate the IoU metric for the mask
corresponding to the ground truth class on the image, thus
not accounting for the multi-class scenario. Second, they
require adaptation training on coarse datasets, thus making
fine-grained classes indistinguishable in the feature space
(which is part of the effect known as the neural collapse
[5]). Third, current transformer-based solutions rely on large
foundation models (e.g., SAM), which may be too costly for
on-device implementation.

In this work, we develop a problem statement and metrics
for the personal object search task, that is closely related
to the practical scenarios. We develop a novel method for
the task, which does not rely on coarse dataset training and
is very lightweight, allowing seamless implementation on
device.

Inspired by works showing the great versatility of the
DINOv2 model [6] for downstream tasks [6], [7], we employ
DINOv2 as our backbone. Our system is called Swiss DINO,
after the Swiss Army Knife, for its incredible versatility
and adaptability. Fig. 1 shows our approach and its novelty
compared to existing solutions.

Our evaluation focuses on multi-instance personalization
(i.e., adaptation to multiple personal objects) via one-shot
transfer on multiple tasks (image classification, object de-
tection and semantic segmentation) and datasets (iCubWorld
[8] and PerSeg [9]). For one-shot segmentation task, Swiss
DINO improves the memory usage by up to 10× and back-
bone inference time by up to 100× compared to few-shot
semantic segmentation competitors based on foundational
models, while maintaining similar segmentation accuracy,
as well as improving segmentation accuracy of lightweight
solutions on cluttered scenes by 46%. To evaluate multi-
instance identification accuracy, we adopt metrics from open-
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Fig. 1: Comparison with semantic segmentation methods. Left: common adaptive semantic segmentation methods are adapting
models to coarse datasets and do not account for multiple personal objects or unseen personal objects on a scene, thus
generating false positive errors. Right: our Swiss DINO avoids false positive errors by performing open-set classification on
parts of the image prior to generating segmentation masks.

set recognition task [10]. We adapt existing segmentation
methods for the multi-instance setup and show that compared
to lightweight competitors pre-trained on coarse classes,
Swiss DINO achieves 55% identification improvement on
simple scenes, and 42% improvement on cluttered scenes.

The remainder of the paper is organized as follows: Sec. II
positions our paper in the current landscape of personalized
scene understanding, Sec. III formalizes our problem setup,
Sec. IV presents the details of our method, Sec. V shows
the results on several benchmark, finally Sec. VI draws the
conclusion of our work.

II. RELATED WORKS

a) Few-Shot Semantic Segmentation: While early
works on few-shot semantic segmentation resorted to fine-
tuning large parts of models [11]–[14], recent approaches are
based on sparse feature matching [15] or training adaptation
layers with the prototypical loss [16]–[20]. These latter
approaches compute class prototypes as the average embed-
ding of all images of a class. The label of a new (query)
image is predicted by identifying the nearest prototype vector
computed from the training (support) set. The training and
evaluation are usually performed on popular segmentation
datasets with coarse-level classes (e.g. person, cat, car,
chair), namely PASCAL− 5i [21] and COCO− 20i [22].

Recent advancements in large vision models have led
to novel few-shot scene understanding works, especially
applied to semantic segmentation, such as PerSAM [9], and
Matcher [7]. PerSAM, a training-free approach, uses a single
image with a reference mask to localize and segment target
concepts. Matcher, utilizing off-the-shelf vision foundation
models, can showcase impressive generalization across tasks.
On the other hand, both approaches are computationally
expensive and not applicable on low-resource devices.

b) Object Detection Datasets for Robotic Applications:
Object detection and fine-grained identification are crucial

tasks for robotic manipulators [23]. To boost the development
of object detection methods, several datasets have been
introduced. In particular, iCubWorld [8] is a collection of
images recording the visual experience of the iCub humanoid
robot observing personal user objects in its typical envi-
ronment, such as a laboratory or an office. CORe50 [24]
further enriches the field, offering a new benchmark for
continuous object recognition, designed specifically for real-
world applications such as fine-grained object detection in
robot vision systems. These datasets align with our task
as they represent scenarios where few-shot personalization
can be used to enhance the robot’s ability to recognize new
or fine-grained objects, serving as practical representations
of the use cases where our method can be applied. It was
shown that the common classification architectures trained on
coarse-level datasets have low accuracy on aforementioned
datasets with fine-grained classes [25] when applied out-
of-the-box. This is due to the fact that the fine-grained
classes become indistinguishable in the feature space after
long training on coarse class classification, part of the effect
known as neural collapse [5]. Therefore, fine-tuning [25] or
adaptation [16], [19] methods are often employed to separate
the feature vectors for fine-grained datasets.

c) Pre-trained DINOv2 as An All-purpose Backbone:
In self-supervised learning (SSL), significant contributions
have been made to the development of pre-trained models,
such as DINO [26] and DINOv2 [6]. These models have
demonstrated remarkable capabilities in feature extraction
and object localization, making them highly transferable to
our task of few-shot personalization. Siméoni et al. presents
a method named LOST [27] to leverage pre-trained vision
transformer features for unsupervised object localization.
Melas-Kyriazi et al. [28] reframed image decomposition as
a graph partitioning problem, using eigenvectors from self-
supervised networks to segment images and localize objects.
These methods not only provide a strong foundation for
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our few-shot personalization method but also highlight the
potential of SSL transformer backbones in overcoming the
challenge of neural collapse.

III. PROBLEM STATEMENT
In this section, we present the problem formulation of

personal object search and notation for each of the three
stages involved.

1) Pre-training Stage: The first stage is to pre-train a
backbone model on a large dataset. The backbone should
provide localization information of objects on an image, and
have a strong ability to transfer to new personal classes, in
particular avoiding neural collapse of generated features.

2) On-device Personalization Stage: After the system is
implemented on a mobile or robotic device (e.g., a robot
vacuum cleaner or service robot), it is shown a few images of
personal objects, together with their label (e.g., dog Archie,
dog Bruno, my mug, etc.), and a prompt indicating the
location of the object on the image, in the form of a bounding
box or a segmentation map. Those images are also known
in the few-shot literature as support images.

Although our setup can be applied to any number of
support images per personal object, to simplify evaluation
and notations, for the rest of the paper, we consider the
most challenging one-shot setup, i.e., we get a single support
image Sc for each personal object index c = 1, 2, . . . , C,
where C is the number of personal objects.

3) On-device Open-set Personal Object Segmentation, De-
tection, and Recognition: During the on-device inference
stage, we are given a new test image Q (also known in the
literature as the query image). For this image, we need to
determine: i) which personal objects, if any, are present on
the image; ii) for each of the personal objects present on the
image, find its location in the form of segmentation map or
a bounding box.

More formally, we define a personal object search method
POS by

POS(Q) := (oloc1(Q), . . . , olocC(Q)), (1)

olocc :=

{
locc(Q), if the object c is present
None, otherwise

(2)

where locc(Q) can take the form of a bounding box or a
segmentation map for the object c on the image Q.

IV. METHODOLOGY
Our Swiss DINO system consists of three main com-

ponents: i) patch-level feature map extraction; ii) support
feature map processing; iii) query feature map processing.
An overview of our Swiss DINO is shown in Fig. 2.

A. Patch-level feature map extractor

We utilize a pre-trained transformer-based patch-level fea-
ture extractor. Inspired by the previous work [6] on the
DINOv2 model, making use of its localization and fine-
grained separation capabilities of its feature map, we choose
DINOv2 as our transformer backbone (for a comparison
between different backbone models, see Section V-F.1).

The backbone B takes an image X as an input and pro-
duces i) patch-wise feature map XF = (XF

1,1, . . . , X
F
NP ,NP

),
where NP is the number of patches along each side of the
image, and XF

i,j is the D-dimensional vector corresponding
to the (i, j)-th spatial patch on the image; and ii) a D-
dimensional class token XC , such that B(X) = (XF , XC).

Given support images {Sc}Cc=1 for each personal-level
class and a query image Q, we compute the corresponding
feature maps {SF

c }Cc=1 and QF .

B. Support feature map processing

For each personal class c = 1, 2, . . . , C, we apply the same
processing steps to the feature map SF

c . In the following, we
drop the index c to make the notation less cluttered.

1) (optional) Bounding box into segmentation map: If we
are given the ground truth bounding box b for the support
image S, we consider the union of all patches Pi,j that have
non-empty intersection with b, denoted by bP , as well as
patches bordering bP , denoted by ∂bP . We then partition
a set of corresponding feature vectors {SF

i,j |Pi,j ∈ bP ∪
∂bP } into kS clusters using the k-means method (in our
implementation, kS was empirically chosen to be kS = 5),
denoting the set of patches in each cluster as KP

r , with
r = 1, 2, . . . , kS .

Given that the patches from ∂bP are outside of the bound-
ing box, and thus do not belong to the object of interest, we
filter out the patch clusters which contain those ‘negative’
patches, thus resulting in an (approximate) segmentation
map:

seg =
⋃
r

{KP
r | ∂bP ∩ KP

r = ∅}. (3)

This process allows us to separate the object of interest
within the bounding box from the background.

2) Patch pooling from segmentation map: Given a
(ground truth or approximate) segmentation map seg of the
support image, we pick the patches Pi,j which partially
intersect with seg, denoting the set of those patches as segP .

We compute the patch prototype with simple average over
patches in segP by

proto := avg(SF
i,j |Pi,j ∈ segP ). (4)

3) Adaptive threshold for class prototype: To pick the
patches of interest from the query object, we choose a feature
distance metric and a threshold to determine patches of inter-
est on the query image. As a distance metric between feature
vectors, we pick the widely used cosine similarity metric.
To determine the distance threshold, we use the information
about positive and negative patches on the support image.

More concretely, we denote segP to be a set of patches
that have non-empty intersection with the segmentation map
seg, and nsegP to be a set of patches that have empty
intersection with seg. We compute the set of positive patch
distances and the set of negative patch distances

pd = {dist(SF
i,j , proto) | Pi,j ∈ segP }, (5)

nd = {dist(SF
i,j , proto) | Pi,j ∈ nsegP }. (6)
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Fig. 2: High-level overview of our Swiss DINO system.

We also remove some possible patch outliers (by re-
moving the highest 5 percent from pd and the lowest 5
percent from nd) to find positive and negative thresholds by
ptr = percentile(pd, 95) and ntr = percentile(nd, 5). The
final adaptive threshold is taken as the minimum of positive
and negative thresholds by tr := min(ptr, ntr).

C. Query feature map processing

Given a tuple (protoc, trc) for each personal class c =
1, . . . , C and query feature map QF , we use the following
steps to find the patches belonging to the objects of interest.

1) (optional for refined segmentation map) Coordinate-
adjusted patch k-means: First, agnostic to the set of support
classes, we perform a pre-processing step on the query fea-
ture map QF . To group together the patches corresponding
to the same object, we apply k-means to the patch feature
vectors. In addition, we augment feature vectors with spacial
information to reinforce the connectivity of patch clusters:

QF,aug
i,j := concat(QF

i,j , αcoi/NP , αcoj/NP ), (7)

where αco is a coordinate scaling factor aiming to control
the effect of spatial information on the resulting clusters.

We cluster the augmented patch features QF,aug into kQ
clusters KQ

r , r = 1, . . . , kQ and save those clusters for the
segmentation map refinement step later.

2) Object location candidates: For each personal class
c = 1, . . . , C, we find patches in QF which are close enough
to the class prototype, resulting in a set of patches we denote
as psegrawc :

psegrawc :=
{
Pi,j | dist(QF

i,j , protoc) < trc
}
, (8)

where dist is the cosine similarity between feature vectors.
If psegrawc is empty, we choose the patch which is closest

to the prototype: psegrawc = argminPi,j dist(Q
F
i,j , protoc).

To account for cluttered scenes with similar objects, we
split psegrawc into L connected subsets (pseg1c , . . . , pseg

L
c ),

thus generating L candidates for the location of the object c
on the image.

3) Calculating class scores: For each candidate set of
patches pseglc, l = 1, . . . , L, we find the class score via
patch prototype distance with support image:

scorelc := dist
(
avg(QF

i,j | Pi,j ∈ pseglc), protoc
)
. (9)

We then choose the candidate lmax with the maximum class
score as the predicted segmentation map

psegc :=
⋃
i,j

{
Pi,j | Pi,j ∈ pseglmax

c

}
, (10)

and classification score scorec := maxl score
l
c.

From the class score scorec, we determine whether object
c is on the image. Similar to other score-based approaches in
open-set classification [10], a classification threshold needs
to be selected for a given dataset to control which predicted
masks psegc we would accept, and which ones we would
reject. In the actual implementation, the classification thresh-
old needs to be selected for each scenario empirically, while
in this work we measure the capability of the method to
separate positive examples from negative examples via score
precision metric (see Section V-B).

4) (optional) Segmentation map refinement: While we
can use the psegc as a segmentation map for the object
of interest, the map usually covers only part of the object
or contains holes. To capture the whole object, we refine
the patches from psegc with clusters KQ

r obtained from the
previous step using k-means by

psegrefc :=
⋃
r

{
KQ

r | KQ
r ∩ psegc ̸= ∅

}
. (11)

5) (optional) Bounding box from segmentation map: We
can also generate a detection bounding box using the refined
segmentation map psegrefc by taking the extreme coordinates
of the segmentation map.

V. EXPERIMENTS

A. Datasets

In this section, we describe the datasets used for the
evaluation of our framework. We specifically choose datasets
which i) contain images of personal objects with different
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position/scale/background/lighting variations with fine-level
class annotations, and ii) include either a segmentation map
or bounding box annotations.

1) PerSEG: The PerSEG dataset [9] is a convenient
choice for one-shot segmentation tasks due to a collection of
40 personalized classes and high-quality segmentation maps.
The images contain salient objects that take a large part of the
image and with simple, non-cluttered backgrounds, making
the segmentation and classification task easier compared to
other, noisier, datasets. For few-shot evaluation, we take the
first image for each class as a reference image, and test one-
shot open-set classification and segmentation on the rest of
the images in the class, following [9].

2) iCubWorld: The iCubWorld dataset [8] is aimed specif-
ically for robotics application of fine-grained object identi-
fication. The dataset contains images from several sessions
where a single object is being moved in hand across the
scene, and several additional sessions where various objects
are filmed in cluttered environments.

We take the subset of the sessions within dataset that
contain bounding box annotations, namely i) MIX sessions
where 50 personal objects are captured in various poses,
scales, and lighting conditions, one session per object, and
ii) TABLE, FLOOR1, FLOOR2, SHELF sessions where
a subset of personal objects are scattered on the same
scene (altogether 19 personal objects are included in those
sessions). For the evaluation of our framework, we take
the first image of the MIX session as the support image.
We evaluate detection and open-set classification accuracy
separately on the collection of MIX sessions (called iCW-
single here) and the collection of cluttered sessions TABLE,
FLOOR1, FLOOR2, SHELF (called iCW-cluttered here).

B. Metrics
In this section, we present metrics for the personal object

search task, which include a localization metric and two
open-set identification metrics.

The precise definitions of the metrics are to follow.
i) To measure localization, we employ the common mIoU

metric [29] between ground truth localization and predicted
localization for a given personal item on the image:

mIoU := avgi

(
IoU

(
psegrefgtci(Qi), gtsegi

))
, (12)

where (Qi, gtci, gtsegi) are triplets of reference image, in-
dex of a personal object on the image, and ground truth
localization (segmentation map for PerSEG and bounding
box for iCubWorld) of the object on the image, respectively
(for cluttered scenes, different personal objects on the same
image would correspond to different tuples with same Qi).

iii) To measure identification accuracy (denoted by ACC),
we check that the predicted score for the ground truth class is
the highest among candidate locations of comparison classes
near the ground truth location:

ACC := avgi

(
acc

(
argmax

c
(scorellocc (Qi))

))
, (13)

where scorellocc (Qi) is the score of the location candidate
of personal class c with the highest intersection with ground

truth map gtsegi (the score is 0 if there is no intersecting
candidate).

iii) To measure open set identification accuracy, we em-
ploy the Average Precision metric across class scores (de-
noted by cPREC), which measures how well the class scores
for positive examples are separated from the scores from
negative examples:

cPREC := avgc

(
APi

(
scorellocc (Qi)

))
. (14)

We also compare the footprints of the methods in the
form of i) inference time: how much time does it take
for a backbone to process a single image; and ii) GPU
memory consumption (vRAM): how much GPU memory
is required to pass a single image through the backbone,
without gradients.

Since the pre- and post-processing steps are done on the
CPU, the timings for those steps depend on I/O throughput
and specific implementation of those steps. However, since
the k-means pre-processing step takes a considerable amount
of time in Swiss DINO, we discuss the impact of k-means
on the time footprint in Section V-E.3.

C. Experimental setup

For our experiments, we use DINOv2 backbone (version
without registers), with input resized to 448x448 resolution,
patch size 14, and patch number NP = 32.

To measure the footprints, we use NVIDIA A40 single
GPU, with batch size 1 during inference.

For segmentation refinement hyperparameters from Sec-
tion IV-C.1, we empirically chose kQ = 30, αco = 200
for the iCubWorld dataset, and kQ = 150, αco = 200
for the PerSEG dataset. We employ efficient k-means++
method [30] to speed up the clustering step.

D. Comparison methods

To compare our method against the existing solutions, we
focus primarily on the training-free methods for semantic
segmentation or detection. To be able to adapt semantic
segmentation methods for few-shot prototype-based identi-
fication task, we choose methods that provide a feature map
or a prototype vector for each predicted segmentation mask
or bounding box.

1) Matcher / PerSAM / DINOv2+M2F: Matcher [7] and
PerSAM [9] are state-of-the-art training-free methods for
one-shot semantic segmentation. The methods are based
on prompt engineering for a large SAM [33] segmentation
model either based on positive-negative pairs [9] or on
DINOv2’s features [7]. We include Matcher and PerSAM
with default SAM ViT-h backbones, as well as PerSAM
with smaller SAM ViT-b backbone to compare the foot-
print efficiency of those methods. We also consider DI-
NOv2+Mask2Former, using an M2F [32] segmentation head
on top of DINOv2 [6] specifically trained for segmentation
on the ADE20k dataset [34] with coarse-level classes.

To adapt and evaluate PerSAM and Matcher for multi-
class identification, we i) extract the feature map from
the respective backbones (DINOv2 for Matcher, SAM for
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TABLE I: Results on the iCubWorld dataset for the object detection task.

Method Backbone mIoU ↑ cPREC ↑ ACC ↑ Time (ms) ↓ vRAM (MB) ↓single cluttered single cluttered single cluttered

YOLOv8-s 54.2 6.5 8.1 10.6 9.5 11.6 7.8 390
YOLOv8-seg [31] YOLOv8-m 56.0 8.2 10.8 13.4 11.2 17.0 12.6 520

YOLOv8-l 53.1 7.6 10.8 10.4 9.6 6.0 12.2 676

DINOv2 (ViT-s) 65.7 49.8 61.1 54.8 46.8 67.3 7.3 152
Swiss DINO (ours) DINOv2 (ViT-b) 68.7 50.3 62.5 55.3 65.1 69.1 7.3 444

DINOv2 (ViT-l) 69.9 53.4 65.7 52.3 68.2 68.7 14.6 1250

DINOv2 (ViT-s) - - 68.9 96.0 70.8 93.0 7.3 152
DINOv2 bbox oracle (upper bound) DINOv2 (ViT-b) - - 68.5 96.7 72.4 92.9 7.3 444

DINOv2 (ViT-l) - - 70.6 94.4 74.6 94.2 14.6 1250

TABLE II: Results on the PerSEG dataset for the semantic segmentation task.

Method Backbone mIoU ↑ cPREC ↑ ACC ↑ Time (ms) ↓ vRAM (MB) ↓

YOLOv8-seg
YOLOv8-s 85.6 29.9 29.0 7.8 390
YOLOv8-b 88.3 40.8 34.5 12.6 520
YOLOv8-l 87.4 33.6 32.3 12.2 676

DINOv2+M2F [6], [32] DINOv2 (ViT-g)+M2F 68.5 46.3 37.7 1415 17980
PerSAM [9] SAM (ViT-b) 86.1 89.5 84.3 758 1674
PerSAM [9] SAM (ViT-h) 89.3 91.8 85.6 1001 6874
Matcher [7] DINOv2+SAM (ViT-h) 76.6 91.9 86.7 3787 8670

Swiss DINO (ours)
DINOv2 (ViT-s) 83.5 91.4 82.0 7.3 152
DINOv2 (ViT-b) 83.5 90.4 81.5 7.3 444
DINOv2 (ViT-l) 82.4 89.5 81.3 14.6 1250

DINOv2 bbox oracle (upper bound)
DINOv2 (ViT-s) - 99.9 97.6 7.3 152
DINOv2 (ViT-b) - 98.8 96.0 7.3 444
DINOv2 (ViT-l) - 98.8 98.0 14.6 1250

PerSAM); ii) average the features over the support and
predicted query masks to get the prototypes; and iii) apply
cosine distance to calculate scorec(Q) for each query image.

To adapt DINOv2+M2F for personal object search task,
we use pre-softmax feature vectors of M2F head. We then
perform the same steps as our method, but using DI-
NOv2+M2F as an alternative backbone.

The methods above require a precise segmentation map
extracted from the reference image, without good extension
to bounding box annotations. Therefore, we don’t consider
those methods for the iCubWorld dataset, which only pro-
vides bounding box annotation for the reference images of
personal objects.

2) YOLOv8-seg: YOLOv8-seg is an instance segmen-
tation model based on the state-of-the-art YOLOv8 [31]
lightweight detection method, and pre-trained on COCO [35]
dataset. It is particularly convenient for us, since the model
outputs feature vectors for each of the candidate bounding
boxes and masks.

To adapt the model for the personal object search task,
we i) extract the support prototype vector for the bounding
box with the highest IoU and the ground truth bounding box;
ii) find the query bounding box with the closest prototype
on the query image to get IoU score; and iii) extract the
query prototype from the ground-truth query bounding box
to calculate cPREC and ACC. We apply YOLOv8-seg on the
iCubWorld dataset for detection and on the PerSEG dataset
for segmentation.

3) DINOv2 bounding box oracle: To have an upper bound
reference for the identification metrics cPREC and ACC, we
assume that the ground truth location of the personal object
on the test image is known. We call this method “DINOv2
bbox oracle” which has similar computational resources.

Knowing ground truth bounding boxes, we crop support
images Sc and a query image Q into Sbb

c and Qbb respec-
tively. We then use DINOv2 class tokens (Sbb

c )C and (Qbb)C

as prototypes and compute the class score scorec(Q) as the
cosine distance between corresponding prototypes. Then, we
can calculate cPREC and ACC metrics using scorec(Q) as
utilized before.

E. Main results and discussion

1) Results on iCubWorld: As we see from Table I, Swiss
DINO significantly outperforms the lightweight comparison
method YOLOv8-seg on personal object detection on the
iCubWorld dataset. Swiss DINO achieves 16%/46% IOU
improvement on single-object and cluttered scenes, respec-
tively. Swiss DINO also shows significant improvement in
personal object identification, showing 55%/40% cPREC
open-set score improvement, and 57%/52% classification
accuracy improvement on single and cluttered scenes respec-
tively.

Significant mIOU gap in cluttered scenes compared to
YOLOv8-seg method is caused by the wrong bounding box
picked as the prediction, and the large gap in cPREC and
ACC metrics is caused by a large number of false positive
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predictions near the ground truth location of the object. Given
that our adaptation of YOLOv8-seg chooses the bounding
box with the feature vector closest to the ground truth class
prototype, this shows the poor separation of the feature
vectors for fine-grained classes.

Compared to the bounding box-oracle method, on the
iCubWorld-single dataset the cPREC and ACC scores of
our approach are only about 5% below the upper bound,
while on the iCubWorld-cluttered dataset, we observe a more
significant 25% accuracy gap, likely due to smaller object
scale and presence of similar objects on the cluttered images.

2) Results on PerSEG: From Table II we see that Swiss
DINO also outperforms YOLOv8-seg on semantic segmen-
tation on the PerSEG dataset in terms of personal object
identification metrics (50% cPREC improvement) and clas-
sification accuracy (48% improvement), while maintaining
similar computational footprint and slightly smaller IoU on
segmentation maps.

Compared to DINOv2+M2F, Swiss DINO shows 25%
IoU, 45% cPREC, and 49% ACC improvement, while using
a much smaller backbone. This again shows how fine-tuning
of segmentation head on a coarse-level dataset harms dis-
criminative properties of the features in personalized scenar-
ios. Compared to heavy SAM-based Matcher and PerSAM-
b/h, Swiss DINO achieves 100× backbone inference time
speedup and 10× improved GPU memory usage while main-
taining competitive segmentation and identification scores.

Overall, the results show outstanding capabilities for zero-
shot transfer of DINOv2 feature maps onto new tasks (i.e.,
segmentation and detection) and personalized classes com-
pared to other backbones trained on large datasets, namely:
CNN-based YOLOv8 architecture, specialized Mask2Former
segmentation head and SAM foundation model.

3) Impact of k-means: In the on-server implementation
of our method, most of the inference time is spent on the
k-means pre-processing step for the query images (Step IV-
C.1), which is done on the CPU. This is because k-means
is performed on N2

P = 1024 feature vectors of D =
384/768/1024 dimensions from vit-s/b/l backbones respec-
tively.

The k-means method takes 0.19/0.23/0.25 seconds per
query image for vit-s/b/l backbones respectively, which is
about 95% of the overall inference time, compared to
about 10 milliseconds spent on query feature map extraction
(Step IV-A), and 1 millisecond spent on the rest of the
query post-processing (Steps IV-C.2-IV-C.5). Our experi-
ments were done on 64 Intel(R) Xeon(R) Gold 5218 CPU
@ 2.30GHz cores.

Note that the k-means refinement step for query images
is optional and does not affect identification metrics cPREC
and ACC, since the class score scorec(Q) is computed using
the non-refined segmentation map. Therefore, the non-refined
version is perfect for applications that only need partial
localization information (e.g., a single point on the object of
interest). For mIOU scores for segmentation maps without
refinement, see Table IV.

Also note that even with costly refinement step, the overall

TABLE III: Ablation on the choice of the vision transformer
backbone on the iCW-single dataset. The number in paren-
thesis is the number of patches along the image side.

Backbone mIoU ↑ cPREC ↑ Time (ms) ↓ vRAM (MB) ↓

OpenCLIP-ViT-b (14) 29.7 52.3 8.1 374
OpenCLIP-ViT-l (16) 35.4 61.9 16.6 934

DeiT-s (14) 39.6 50.3 6.4 112
DeiT-b (14) 37.5 60.3 6.7 388

DINO-ViT-s (32) 58.6 54.7 8.5 182
DINO-ViT-b (32) 56.3 54.0 8.6 554

DINOv2-ViT-s (32) 65.7 61.1 7.3 152
DINOv2-ViT-b (32) 68.7 62.5 7.3 444
DINOv2-ViT-l (32) 69.9 65.7 14.6 1250

TABLE IV: Ablation on the number of clusters kQ and
coordinate scaling αco. All experiments are done with the
DINOv2 (ViT-s) backbone.

kQ αco iCW-single mIoU iCW-clut mIoU PerSEG mIoU

∞ 0 37.2 7.3 81.1

150 200 51.2 32.0 83.5
60 200 60.4 47.4 80.3
30 200 65.7 49.8 75.7

30 0 68.7 43.2 79.5
30 50 69.2 45.3 78.5
30 200 65.7 49.8 75.7

inference time is still 2× lower compared to heavy-weight
methods like PerSAM and Matcher, while still maintaining
significant gains by 10× on vRAM footprint.

F. Ablations

1) ViT backbone ablations: In this section, we motivate
the choice of DINOv2 backbone by comparing the accuracy
of the method using popular self-supervised vision trans-
former backbones: DINO [26], DeiT [36] and OpenCLIP
[37].

As we see from Table III, DINOv2 outperforms other
backbones by 7-11% in IoU and 1-5% in cPREC metrics,
while maintaining similar or better computational footprints.

2) Hyperparameter ablations: In this section, we analyze
the effect of hyperparameters. In particular, we see how
kQ and αco used in segmentation mask refinement affect
IoU score for the iCW-single, iCW-cluttered, and PerSEG
datasets. From Table IV, we see that reducing the number
of clusters KQ improves the IoU score by 32%/42% on the
iCW single and cluttered respectively, while the number of
clusters needs to be high on the cleaner PerSEG dataset
to exclude the false positive patches. Coordinate scaling
αco does not affect the accuracy metrics much (yielding
5% improvement on cluttered scenes), however, we see
from qualitative observations that the inclusion of coordinate
scaling makes the results more robust to scene variation.
Following this result, we choose kQ = 30, αco = 200 for
the iCubWorld dataset, and kQ = 150, αco = 200 for the
PerSEG dataset.
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VI. CONCLUSION

In this work, we have introduced a novel problem and
metrics for the personal object search task, which is directly
related to practical robot vision tasks performed by mobile
and robotic systems such as home appliances and robotic
manipulators, in which the system needs to localize all
present objects of interest in a cluttered scene, where each
object is only referenced by a few images.

To address this task, we have introduced Swiss DINO
that leverages SSL-pretrained DINOv2’s feature maps
having strong discriminative and localization properties.
Swiss DINO presents novel clustering-based segmenta-
tion/detection mechanisms to alleviate the need for additional
specialized modules for such dense prediction tasks.

We compare our framework to common lightweight solu-
tions, as well as heavy transformer-based solutions. We show
significant improvement (up to 55%) of segmentation and
recognition accuracy compared to the former methods, and
significant footprint reduction of backbone inference time
(up to 100×) and GPU consumption (up to 10×) compared
to the latter methods, allowing seamless implementation on
robotic devices.

Altogether, this work shows the power and versatility of
self-supervised transformer models on personal object search
and various downstream tasks. In future work, we plan to
extend Swiss DINO for continually learning new generic as
well as new personal objects.
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