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Abstract—We introduce a novel robotic system for improving
unseen object instance segmentation in the real world by leverag-
ing long-term robot interaction with objects. Previous approaches
either grasp or push an object and then obtain the segmentation
mask of the grasped or pushed object after one action. Instead,
our system defers the decision on segmenting objects after a
sequence of robot pushing actions. By applying multi-object
tracking and video object segmentation on the images collected
via robot pushing, our system can generate segmentation masks
of all the objects in these images in a self-supervised way. These
include images where objects are very close to each other, and
segmentation errors usually occur on these images for existing
object segmentation networks. We demonstrate the usefulness
of our system by fine-tuning segmentation networks trained on
synthetic data with real-world data collected by our system. We
show that, after fine-tuning, the segmentation accuracy of the
networks is significantly improved both in the same domain and
across different domains. In addition, we verify that the fine-
tuned networks improve top-down robotic grasping of unseen
objects in the real world

I. INTRODUCTION

Object perception is a critical task in robot manipulation.
Model-based methods leverage 3D models of objects and solve
the 6D object pose estimation problem to localize objects in
3D (12} 137, 133} 35]. Using the estimated object poses and
the 3D models of objects, a planning scene can be set up
for manipulation trajectory planning. However, requiring a 3D
model for every object that needs to be manipulated is not
feasible in the real world. Recent model-free approaches for
object perception focus on segmenting unseen objects from
images [38} 40, [14]]. A segmented point cloud of an object can
be used in grasp planning for robot manipulation [21} [29]. In
this way, an object can be grasped from partial observations
without using its 3D model.

Recent model-based and model-free methods for object
perception train neural networks to recognize objects. Since
it is difficult to obtain large-scale real-world datasets in robot
manipulation settings, synthetic data is widely used for train-
ing [32, 39, I5]. Although models trained with synthetic data
can be directly used in the real world by leveraging domain
randomization [31]] or domain transfer (6l 44]] techniques, these
models still have errors in the real world due to the sim-to-real
gap. The question we would like to address in this paper is
how can a robot automatically obtain training data in the real

1Video, dataset and code are available at |https://irvlutd.github.io/
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Fig. 1.  Our system leverages robot pushing to collect real-world images
and generate segmentation masks of objects in the collected images in a self-
supervised way. The collected images can be used to fine-tune segmentation
networks trained with synthetic data and improve their performance.

world to improve its object segmentation model pre-trained
with synthetic data. We focus on improving Unseen Object
Instance Segmentation (UOIS) to facilitate robot manipulation.

Interactive perception [7] emphasizes that robots can apply
actions to the environments and utilize the visual-motor rela-
tionship to improve perception. In the context of object recog-
nition, two widely used interaction types are robot grasping
and pushing. Previous works have explored leveraging robot
grasping or pushing to obtain object segmentation data in a
self-supervised way [24, [15, 41]]. All these methods can only
obtain the segmentation mask of the grasped or pushed object
by comparing the scene before and after grasping [24] or
utilizing optical flow to segment the moved objects in robot
pushing [15 41]. The drawbacks of segmenting objects from
one action are that, first, the method cannot segment unmoved
objects in the scene; second, if two objects are moved together,
the method will segment them as one object. Although [41]]
proposes to train a classifier to decide whether a single object
is pushed or not, since the classifier is trained in simulation,
it still suffers from the sim-to-real gap.

To overcome the limitations of existing work on self-
supervised object segmentation via robot interaction, we pro-
pose a new system that leverages long-term robot interaction
to segment unseen objects in a self-supervised way. Our key
idea is to defer the decision on object segmentation until a
robot has interacted with all the objects in a scene for a period
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of time. Intuitively, if a robot has pushed objects in a scene
for a number of times, i.e., around 20 pushes for 5 objects in
our experiments, these objects are very likely to be separated
from each other. Once the objects are separated, existing
approaches on unseen object segmentation such as [38| [19]
can successfully segment them. In this way, our system can
segment all the objects in the scene but not only the pushed
object in one action. More importantly, the system enables the
robot to propagate a correctly segmented mask of each object
to all the collected images during robot pushing including
images where objects are very close to each other. This is
achieved by combining multi-object tracking to extract object
tracklets, i.e., segments of objects in video frames, and video
object segmentation where an initial mask of an object can
be propagated to all other frames. The system utilizes the
object tracklet to select a good initial mask for propagation.
Consequently, our system enables a robot to collect a sequence
of images of objects in a scene and obtain segmentation masks
of all the objects in these images.

We demonstrate the usefulness of our system by using
the collected real-world images to fine-tune existing, pre-
trained object segmentation models [19]. We show that after
fine-tuning, the object segmentation accuracy of the model
can be significantly improved. The improvement is achieved
in the same domain as the fine-tuning data as well as on
the benchmark datasets for evaluating unseen object instance
segmentation [25] [28]. Fig. [I)illustrates the fine-tuning process.
In addition, we show that using the fine-tuned segmentation
model can improve top-down grasping performance in a table
clearing task where a robot is asked to put all the objects on
a table into a bin. In summary, the contributions of our work
are as follows.

o We introduce a novel robotic system that leverages long-
term robot interaction to segment unseen objects in a self-
supervised way.

e Our system illustrates that combining multi-object track-
ing and video object segmentation with robot pushing
can help robots to singulate objects from each other in
cluttered scenes.

o We demonstrate that using our system to collect real-
world images for fine-tuning can improve object segmen-
tation accuracy and robot grasping performance.

II. RELATED WORK
A. Unseen Object Instance Segmentation

Different from category-based object instance segmentation
methods [17, 18 9] that focus on segmenting object instances
among a set of pre-defined object categories, unseen object
instance segmentation emphasizes segmenting arbitrary ob-
jects that present in input images. The testing objects can
be novel such that a segmentation model has not seen them
during training. Earlier works on UOIS utilize low-level image
cues such as edges, contours, and surface normals to group
pixels into objects [25| 34, [11]. These bottom-up approaches
tend to over-segment objects since there is no object-level

supervision to learn the concept of objects. Recent approaches
on UOIS leverage large-scale synthetic data and deep neural
networks to segment unseen objects [39, 38| 140, [14]. These
methods significantly improve object segmentation accuracy,
which enables robotic grasping of unseen objects [21, 29].
However, since these models are trained with synthetic data,
they still suffer from the sim-to-real gap. The primary error is
under-segmentation in the real world. When objects are very
close to each other, the models trained with synthetic data
cannot separate them. Recently, Zhang et al. [44] propose to
apply test-time domain adaption to improve the segmentation
performance, where a set of images without ground truth labels
in the test domain are used to adapt the segmentation network.
Our system is complementary to domain adaption techniques
since it is able to obtain training images with ground truth
labels automatically. Therefore, we can use supervised learn-
ing to fine-tune segmentation networks. More importantly, we
show that, after fine-tuning in one domain, the performance of
the segmentation networks can be improved in other domains,
which avoids adaption in every testing domain.

B. Self-Supervised Robot Perception

Self-supervised learning is an attractive learning paradigm
where training data and training signals can be obtained
automatically without human labor. Since a robot can natu-
rally interact with its environment to collect data [7], self-
supervised learning for robot perception has received more
attentions recently. One type of approach utilizes multi-view
consistency of images captured from different viewpoints to
obtain the ground truth annotations for learning. Multi-view
consistency based self-supervised learning has been applied to
object segmentation [42], object detection [20], 6D object pose
estimation [13]] and dense pixel-wise correspondences [26) [16]]
in robot manipulation settings. Another type of approach lever-
ages robot actions such as grasping and pushing to interact
with objects and then computes scene differences [24] or
optical flow [15 41]] before and after applying an action to
obtain ground truth labels of objects for learning. Our system
falls into this category where we also employ robot pushing
with optical flow to help segment objects in a self-supervised
way. The main novelty of our system compared to previous
methods on self-supervised object segmentation [15 i41] is
that we leverage long-term robot pushing to segment all the
objects in a collected video sequence, while previous methods
can only segment the grasped or pushed object in an image.

III. SELF-SUPERVISED UNSEEN OBJECT INSTANCE
SEGMENTATION

A. System Overview

The motivation to build our system is to fix segmentation
errors in existing UOIS methods [38l [19]. These methods
are trained with synthetic RGB-D images generated using
3D models of objects. Due to the sim-to-real gap and the
arrangements of objects in the simulator, these methods often
cannot separate objects that are very close to each other.
One example is shown in the first initial segmentation image



Robot Pushing

Captured
Image

Initial
Segmentation

1 segment 3 segments

4 segments

) @
PO | LY u\‘ P
@

@
L Y=

©]

5 segments 4 segments 5 segments

Final
Segmentation

s

5 segments

5 segments

<]~

5 segments

Optical-flow based Multi-Object Tracking +
Video Object Segmentation

QD

5 segments segments 5 segments

Time

Fig. 2. System overview. Our system leverages robot pushing to interact with objects. The pushing actions are guided by the initial segmentation masks of the
objects generated from a segmentation network trained with synthetic data. Images before and after each pushing action are captured. By using the sequence
of images with the initial segmentation masks, our system combines optical flow-based multi-object tracking and video object segmentation to compute the
final segmentation masks, which fix errors in the initial segmentation masks. Red arrows indicate the segmentation errors. The collected images and the final
segmentation masks can be used to fine-tune the segmentation network to improve its performance.

in Fig. 2] where five objects are packed together and the
MSMFormer only outputs one mask for all five objects. In
grasping applications, a robot cannot grasp these objects due to
the incorrect segmentation result. Our idea to fix these errors is
to obtain ground truth masks of these packed objects in a self-
supervised way by leveraging robot interaction with objects.
Then, we can use these images with the corresponding ground
truth masks to fine-tune the segmentation networks [38], [19].
With enough data for fine-tuning, the networks should be able
to segment closely packed objects.

The main challenge in this scenario is obtaining the ground
truth masks when objects are close to each other. Previ-
ous methods that leverage robot interaction to obtain object
masks [[15 [41]] can only obtain one mask of the pushed or
grasped object in an image. They cannot generate masks of
all the objects in the scene because they only use one robot
action and try to figure out which object has been moved.
Instead, in our system, we allow the robot to continuously
push objects in a random fashion, and we generate a sequence
of images before and after each pushing action, i.e., around
20 pushes for each scene in our experiments. Finally, we use
these images to perform multi-object tracking and video object
segmentation. In this way, our system can generate masks of
all the objects in the image sequence including the first image,
where all the objects are close to each other. Fig. 2] illustrates
an overview of our system. The collected images with their
generated masks can be used to fine-tune existing methods
for unseen object instance segmentation [38] in order to
improve their performance in the real world. We introduce

each component of the system in the following sections.

B. Data Collection via Robot Pushing

Since our goal is to collect hard to segment images to fine-
tune the segmentation networks, we intentionally put objects
together for each scene in the beginning of the data collection
process. After setting up a scene on a tabletop, a robot
starts pushing these objects. A Fetch mobile manipulator is
employed in our system, and an RGB-D image is captured
before and after each push action, where we used the RGB-D
camera on the Fetch robot to capture images.

Different from methods that carefully learn a pushing or
grasping policy for singulation [41], we design a simple
pushing strategy using object instance segmentation from the
MSMFormer as input. This is because our system does
not require all the objects to be singulated at the end of the
interaction. As long as an object has been separated from
other objects for a period of time during pushing, the system
is able to generate correct segmentation masks for it thanks
to the multi-object tracking and video object segmentation
techniques utilized in the system. In cases where one push
action cannot separate two objects if both objects move
together, multiple push actions may separate them. Therefore,
our system benefits from long-term robot interactions with a
sequence of pushes.

Specifically, suppose at time ¢, the system captures an RGB-
D image I;. We obtain a set of n; object segmentation masks
{oi}*, on I, by running the MSMFormer network on it.
These masks are illustrated as the initial segmentation in
Fig. 2] Based on the object segmentation, the robot randomly



Fig. 3. Illustration of the matching scores between objects based on forward
and backward optical flow.

selects an object to push. First, a 3D bounding box is computed
for each segmented object by bounding the 3D point cloud of
the object. Using the depth image and the camera intrinsic
parameters, we can back-project the depth image into a 3D
point cloud of the scene in the camera frame. Since we also
know the camera pose in the robot frame, we can convert the
point cloud into the robot frame. Using the segmentation mask
of each object, we can extract the points of the object and
compute a 3D bounding box for it in the robot frame. Second,
according to center of the 3D bounding box, the robot decides
to either push the object to the left or to the right. We select the
pushing direction to always push the object towards the center
of the robot, which prevents objects being pushed outside the
reach of the robot. Third, a motion trajectory is planned to
the left side (pushing right) or right side (pushing left) of the
object. We used the Movelt motion planning framework to
plan the trajectories. Then the planned trajectory is executed
to move the robot arm to the pushing location. Finally, the
pushing action is achieved by adding an offset to the shoulder
joint of the Fetch arm depending on the pushing direction.
Note that our pushing strategy cannot achieve perfect
singulation results compared to learned polices or designed
strategies for singulation. However, singulation is not our main
goal. We also want to collect diverse datasets for learning. Our
pushing strategy is effective to separate objects and perturb
objects in the scene in order to generate diverse images. In
addtion, although the initial segmentation has errors, it can still
be used to guide the pushing process. A sequence of pushing
actions and the generated images are shown in Fig.

C. Optical Flow-based Multi-Object Tracking

After the data collection via robot pushing, we obtain a
sequence of images I, Io, ..., Iy with the corresponding ini-

tial segmented objects {o{ }12,, {05}72,, ..., {0’ }1Y), where

N = 20 in our experiments. Since there are errors in these
initial masks, our next task is to fix these errors and obtain
correct segmentation masks for all the objects in the image
sequence. Our idea is to leverage the observation that if
a mask incorrectly includes more than one object, after a
robot pushing, the mask will be broken down into multiple
objects. On the other hand, if a mask correctly segments
one object, after pushing, the mask will remain the same.
However, one pushing action may not be able to singulate
an object successfully. Therefore, we leverage a sequence of
robot pushing actions in our system. In this case, if a mask
remains the same after several pushing actions, it is highly
likely to be a correct segmentation.

In order to compare the initial segmentation masks across
image frames, we need to associate masks across frames. This
problem is studied in the literature as tracking by detection [43]
4] 36| 27]. The most important component in a tracking-by-
detection method is a similarity measurement between two
object detections across video frames, which can be learned
from data or defined using image features [36]. In our
system, since we do not have many data to learn the similarity
measurement in robotic manipulation settings, we design one
based on optical flow between image frames.

Let oil be a mask on image I;, and of, be a mask on image
I;,. We would like to compute a similarity score between the
two masks as s(of ,o7,). We only consider adjacent images
in data association. Therefore, we can assume to = ¢ + 1.
We leverage optical flow between the two images to define
the similarity score. Let o}, = of, + f{, ;, be the propagated
mask of object oy, to frame Iy, using forward flow f ,, .
Similarly, we can propagate the mask of object o7, to frame
I, using backward flow: o] = of, + fJ , . The similarity
score between the two masks is defined as

s(0i1,0i2) = min (IoU(oiQ,oiz), IoU(oil,oil)), )

where the IoU(:,-) function computes the intersection over
union between two binary masks. Intuitively, one mask is
propagated to another image using optical flow and compared
to the other mask.

Fig. [3 illustrates two examples of the computed matching
scores. In case (a), at time t;, the initial segmentation cannot
separate the corn and the salt bottle. The propagated mask to
time £y cannot match the mask of the corn at time £ well.
Therefore, the matching score is low. In case (b), the masks
of the tomato match well using both the forward flow and the
backward flow. The matching score is high. When the optical
flow estimation is accurate, the similarity score in Eq. (I)
serves as a good measurement for data association between
objects. In our system, we use the RAFT [30] network to
compute optical flow.

With the above similarity score, we can leverage existing
multi-object tracking methods such as network flow-based
approaches or Markov decision process-based ap-
proaches [36] to generate trajectories of objects across im-
age frames. Instead, we found that a simple greedy search
algorithm works well in the tabletop robot pushing settings



Initial mask: frame 20 —> frame 10 frame 7 frame 4 frame O
Initial mask: frame 21 ~=——— frame 19 frame 9 frame 3 frame O

Fig. 4.

since there are no long-term occlusions between objects or
new objects coming in and out in these settings. The greedy
data association algorithm starts from one mask in the last
image frame Iy. Then it associates the mask to a previous
mask which has the highest matching score if their matching
score is larger than a pre-defined threshold, and repeats this
process until the highest matching score is smaller than the
threshold. In this way, it generates a tracklet for one object.
After that, it selects a remaining mask and repeats the process
to generate the next tracklet. We start the data association from
the last frame in a backward way because objects are likely
to be separated in the end of the robot pushing, which helps
for object tracking.

D. Mask Propagation via Long-Term Object Segmentation

The output from the multi-object tracking algorithm is a set
of tracklets {7;},, where tracklet 7; = (o} ,0i_,...,0} )
consists of a sequence of object masks from the initial segmen-
tation. The lengths of these tracklets can be different. Majority
masks in each tracklet correctly segment one object, since
wrong initial segmentation masks have low matching scores
as illustrated in Fig. [ If we can utilize the extracted tracklets
and propagate the correct masks to all the image frames for
all the objects, we can obtain correct segmentation masks for
the collected data via robot pushing.

To achieve this goal, we utilize a state-of-the-art video
object segmentation method named XMem [10]. Given an
initial mask of an object, XMem can segment the object in
the following video frames. It maintains a memory buffer
that stores the features of the target object, which enables
it to segment the target in long video sequences and handle
occlusions. In the traditional video segmentation scenarios,
the initial mask of a target is given manually on the first
video frame. In our case, we need to generate the initial mask
automatically. It is critical to select a correct initial mask for an
object. Otherwise, a wrong mask will be propagated to other
frames. We utilize the observation that if a mask being pushed
can still have high matching scores (Eq. (1)) to the previous
mask and the next mask in a tracklet, the mask is likely to
contain a single object. Therefore, we select the pushed mask

Illustration of the XMem [10] video object segmentation in our collected data. The initial mask is used to initialize the segmentation process.

with the highest matching score as the initial mask to initialize
XMem. The segmentation goes with two directions, where one
goes to the first frame and the other one goes to the last frame
in the collected image sequence. Fig. ] shows two examples of
the object segmentation with XMem. After all the tracklets are
processed, the segmentation masks are combined to generate
the final segmentation of the images (see Fig. 2). In this way,
our system can obtain segmentation masks of objects when
they are very close to each other.

IV. APPLICATIONS
A. Transfer Learning for Object Segmentation

Our system can be used to collect images with the cor-
responding object segmentation masks in a self-supervised
way. Then we can use these images to fine-tune the object
segmentation networks to improve their performance. Since
the collected data include correct segmentation masks when
objects are very close to each other, the fine-tuned model is
able to fix segmentation errors and correctly separate objects
in cluttered scenes.

For the fine-tuning, we start with a segmentation model
trained with synthetic data. We used MSMFormer [19] in our
experiments, which is also used to generate the initial seg-
mentation masks for robot pushing. We initialize the network
with the pre-trained weights on the synthetic data, and then
train the network for a number of epochs on the collected
real-world data with a smaller learning rate. We conducted an
ablation study on different fine-tuning strategies. Specifically,
the backbone of the network can be fixed or be trainable during
fine-tuning. The fine-tuning data can be a mixture of synthetic
images and real-world images or real-world images only. The
effect of these strategies are presented in Section [V]

B. Top-Down Robot Grasping

Unseen object instance segmentation can facilitate robot
grasping of unknown objects as demonstrated in previous
works [22]). These methods use the segmented point clouds
of objects to plan grasps for grasping. Improvement in object
segmentation can benefit the grasp planning stage and improve
the grasping performance subsequently. In this work, we show



UOIS FIRST-STAGE RGB-D RESULTS ON OCID AND OSD WITH FIXED OR LEARNABLE BACKBONE AND DIFFERENT DATASETS. THESE STRATEGIES ARE

TABLE I

USED TO FINE-TUNE MSMFORMER [19]].

OCID (2390 images) OSD (111 images)

Datasets and backbones Overlap Boundary Overlap Boundary
P R F P R F P75 P R F P R F %75
MSMFormer [19] 88.4 90.2 885 | 847 831 83.0 | 803 | 795 864 828 | 535 71.0 606 | 79.4
Pushing Data + fixed backbone 939 485 51.0 | 80.7 458 434 | 479 | 814 728 755 | 41.1 616 475 | 653
Pushing Data + learnable backbone | 88.8 82.6 853 | 653 724 682 | 79.8 | 88.8 826 853 | 653 723 682 | 798
Mixture Data + fixed backbone 90.8 882 889 | 823 829 819 | 833 | 82.0 850 834 | 539 69.7 599 | 784
Mixture Data + learnable backbone | 91.2 90.1 90.1 | 87.2 855 857 | 839 | 8.1 844 846 | 678 714 69.0 | 76.2

that using our collected data for fine-tuning can improve object
segmentation and top-down grasping consequently.

With accurate object segmentation, top-down grasp planning
can be achieved in an analytic way. A top-down grasp for a
two-finger gripper is defined as the 3D location p = (x, y, 2),
orientation 6 of the gripper in the x,y plane and the width w
between the two fingers, where axis-z is the gravity direction.
The grasping position p is defined as the object center, where
the object center is computed as the mean of the segmented
point cloud of the object. The grasping orientation 6 is
computed to align the gripper with the second largest principal
component of the object point cloud in the x,y plane. In this
way, the robot can grasp the narrower side of a long object.
Finally, the width between the two fingers is determined by
the width of the object along the second largest principal
component of the object point cloud in the z,y plane. It can
be shown that if the center of mass of the object is the same
as the object center, a grasp computed in this way can achieve
force closure. The described grasp planning algorithm relies
on accurate segmentation of all the objects in a scene. We can
use it to verify the benefit of our system in collecting data to
improve object segmentation for robot grasping.

V. EXPERIMENTS

A. Datasets and Evaluation Metrics

Data Collected by the Robot. We used a set of play food
for kids as the objects for robot interaction. For reproducibility,
these objects can be purchased from [1]. A Fetch mobile
manipulator is used for data collection. Five different objects
are used in each scene, and the robot performs around 20
pushing actions for each scene to collect images before and
after each pushing action. In total, we collected images from
20 scenes. Images from 15 scenes are used for fine-tuning and
the remaining images are used for testing the fine-tuned model
in the same domain. Specifically, 321 images are used for fine-
tuning, while 107 images are available for testing. Each image
contains an average of 6 objects, but no more than 8 objects.

Evaluation Datasets. We evaluate the performance of our
fine-tuned models on the pushing test dataset from our system,
the Object Clutter Indoor Dataset (OCID) [28] and the Object
Segmentation Database (OSD) [25]. The dataset from robot
interaction is in the same domain as our collected data for fine-
tuning, whereas OCID and OSD are in the different domains.
The OCID dataset contains 2,390 RGB-D images, with at most
20 objects and on average 7.5 objects per image. The OSD

dataset is composed of 111 RGB-D images, with up to 15
objects and an average of 3.3 objects per image.

Evaluation Metrics. We analyze the object segmentation
performance through precision, recall, and F-measure [39,[38].
To obtain the values for these three metrics, we initially
calculate the values between all pairs of predictions and
ground truth objects. Subsequently, we employ the Hungarian
algorithm with pairwise F-measure to match predictions with
the ground truth objects. Consequently, the precision, recall,
and F-measure are determined by P = M,R =

2ileil
Jeing(c; .1 .
%,F = %, where c; indicates the segmentation
197

for the predicted object i, g (c;) is the segmentation for the
corresponding ground truth object of ¢;, and g; denotes the
segmentation for the ground truth object j. Overlap P/R/F
are the above three metrics when the intersection over union
between two segmentation masks is used to determine the
amount of true positives. Boundary P/R/F are also used
to measure the sharpness of the predicted boundary against
the ground truth boundary, where the intersection pixels of
the two boundaries determines the amount of true positives.
Additionally, Overlap F-measure > 75% is the percentage of
objects segmented with a certain accuracy [23].

B. Ablation Studies on the Fine-tuning Strategies

We first investigate how to fine-tune the pre-trained segmen-
tation networks with our collected real-world data. Regarding
the training data for fine-tuning, we have two types of data:
the 321 real-world images obtained via robot pushing and the
synthetic images from the Tabletop Object Dataset [39]. The
synthetic dataset consists of 280,000 RGB-D images which
is used for training most unseen object instance segmentation
networks [39} 38l [19]. In this work, we use the MSMformer
model [[19] trained on the Tabletop Object Dataset for fine-
tuning, since it achieves very competitive performance and
is end-to-end trainable. MSMformer consists of two stages
in segmenting objects, where the first stage segments the
whole input image while the second stage performs zoom-in
refinement for each segment from the first stage.

We have two choices on using these data for fine-tuning: 1)
using the real-world images only, ii) using both real-world
images and synthetic images. On the other hand, we have
two choices on how to fine-tune the backbone network in
MSMFormer: i) fixing the backbone during fine-tuning, ii)
fine-tuning the backbone. We conduct ablation studies on the



UOIS RGB-D RESULTS ON OCID AND OSD WITH DIFFERENT NUMBER OF SCENES FOR FINE-TUNING THE FIRST-STAGE MSMFORMER MODEL.

TABLE I

OCID (2390 images) OSD (111 images)
# of scenes # of images Overlap Boundary Overlap Boundary
P R F P R F %75 P R F P R F %75
MSMFormer [19] 0 884 90.2 885 | 84.7 831 83.0 | 803 | 795 864 828 | 535 71.0 60.6 | 794
3 62 89.7 898 887 | 828 855 83.0 | 853 | 83.6 858 84.6 | 587 754 655 | 80.6
6 124 910 89.1 895 | 80.7 850 820 | 87.0 | 83.7 851 843 | 59.1 746 653 | 78.0
9 190 914 89.6 90.0 | 837 85.6 84.0 | 86.0 | 839 864 851 | 586 764 658 | 81.0
12 256 92.1 89.7 903 | 862 849 849 | 863 | 87.6 866 87.0 | 646 775 69.7 | 85.6
15 (All) 321 912 90.1 90.1 | 872 855 857 | 839 | 851 844 846 | 67.8 714 69.0 | 76.2
TABLE III

UOIS RESULTS ON A TRAINING DOMAIN DATASET. *: THE MODEL AFTER
FINE-TUNING. MF STANDS FOR MSMFORMER [[19]].

Same Domain Dataset (107 images)

Method Overlap Boundary

P R F P R F %75

RGB Input with ResNet-50 backbone
MF [19] 81.7 81.7 81.6 | 757 73.1 737 | 66.2
MF* 90.6 92.7 91.6 | 87.3 88.6 87.6 | 90.7
MF+Zoom-in 759 81.0 781 | 680 637 651 | 61.6
MF+Zoom-in* 90.1 89.6 89.7 | 88.0 844 855 | 835
MF*+Zoom-in 832 909 86.7 | 744 782 758 | 855
MF*+Zoom-in* | 91.0 93.3 921 | 89.7 89.6 89.3 | 92.2
RGB-D Input with ResNet-34 backbone

MF [19] 858 889 872 | 81.7 787 799 | 75.1
MEF* 909 919 913 | 8.5 859 859 | 84.8
MF+Zoom-in 889 89.8 893 | 86.6 844 853 | 80.7
MF+Zoom-in* 90.7 90.2 904 | 86.0 859 856 | 843
MF*+Zoom-in 910 919 913 | 8.6 872 882 | 87.0
MF#*+Zoom-in* | 92.5 91.9 921 | 893 87.8 88.3 | 88.0

four combinations and present the results on the OCID and
the OSD datasets in Table [l

We fine-tune the models for 6 epochs as the training loss
converges quickly, where each epoch loops over the 321 real-
world images once. We employ the AdamW optimizer [18]]
with the learning rate le-5. We set the batch size as 4. When
using the mixture dataset for fine-tuning, for the first-stage
model of MSMFormer, we randomly select 2 samples from the
synthetic dataset and 2 samples from the real-world pushing
dataset for each batch. For the second-stage model (zoom-in
model), each batch has 3 random samples from the synthetic
dataset and 1 pushing sample since the parameters are more
sensitive to the pushing data for the second-stage.

Table |I] shows that the performance of MSMFormer fine-
tuned only using the small number of real-world pushing
data is worse on the OCID dataset. This is due to overfitting
to these real data. Using both the synthetic data and the
real-world data for fine-tuning improves performance on both
datasets. Using the mixture dataset is motivated by continual
learning approaches such as [2, 13] which maintains a buffer of
previously seen data. In our case, we can consider the synthetic
dataset to be a data buffer. Table [I] also reveals that using
learnable backbones achieves better performance than fixed
backbones due to more flexibility in learning. According to
these results, our fine-tuning strategy is to train the pretrained
MSMFormer with mixture data and learnable backbones. We
use this fine-tuning strategy in the following experiments.

C. Ablation Studies on the Number of Fine-tuning Images

Our collected pushing training set has 15 scenes in total.
We investigate the correlation between the number of images
and the performance of the fine-tuned model. We partition the
training set according to scenes and gradually add more scenes
to the fine-tuning dataset. Table |lIf shows the performance of
the MSMFormer models fine-tuned with datasets in different
sizes. We can see that, the performance on the OCID and
OSD datasets continually improves as the amount of scenes
expands. After 12 scenes, the model performance begins to
saturate. According to this experiment, a small number of
real-world images for fine-tuning is sufficient, which avoids
collecting a large number of images in the real world for fine-
tuning. We use all the 15 scenes with 321 images for fine-
tuning in the following experiments.

D. Object Instance Segmentation in the Same Domain

Table presents the evaluation results on the 107 real-
world test images of the models before and after fine-tuning.
Since the pushing test dataset has the same settings as the fine-
tuning dataset, we view the pushing test dataset as in same
domain. It is clear that the fine-tuned models significantly
improve the segmentation accuracy in the same domain. Imag-
ine a robot entering a new domain, it can utilize our system
to collect a few images to improve object segmentation in
this new domain. We experiment fine-tuning both the RGB
version and the RGB-D version of MSMFormer. In addition,
we investigate the effect of fine-tuning on each stage of the
segmentation network. ‘“Zoom-in” in Table indicates the
second-stage network. From the table, we can see that fine-
tuning consistently improves the performance over the original
models. The best performance is achieved by fine-tuning both
stages of MSMFormer.

Generally, RGB-D models tend to surpass RGB models due
to the additional depth input. However, we can observe that
the fine-tuned two-stage RGB model (RGB with zoom-in)
achieves the same Overlap F-measure and a higher Bound-
ary F-measure compared to the fine-tuned two-stage RGB-
D model. This result indicates that it is possible to segment
unseen objects with RGB images only as long as we can
obtain RGB training images with ground truth labels. Our
system provides a solution by utilizing robot interaction for
data collection. It is worth noting that using RGB images only
is valuable since certain objects such as transparent objects or
metal objects cannot be captured well by depth images.



TABLE IV
UOIS RESULTS ON THE OCID AND OSD DATASETS. * INDICATES A MODEL AFTER FINE-TUNING. #: USED DIFFERENT TRAINING SET.

OCID (2390 images) OSD (111 images)

Method Input Overlap Boundary Overlap Boundary

P R F P R F %75 P R F P R F %75
MRCNN 776 67.0 672 | 655 539 546 | 558 | 642 613 625 | 502 402 440 | 319
UCN 548 760 594 | 345 450 365 | 480 | 572 738 633 | 347 500 39.1 | 525
UCN+Zoom-in [38] 59.1 740 61.1 | 408 550 438 | 582 | 59.1 71.7 63.8 | 343 533 395 | 52.6
Mask2Former [9] 672 73.1 67.1 | 559 58.1 545 | 543 | 60.6 602 595 | 482 417 433 | 324
MF RGB 729 683 677 | 605 563 558 | 529 | 634 647 63.6 | 48.6 474 470 | 402
MF* 80.3 81.0 785 | 679 708 674 | 731 | 63.5 71.7 668 | 448 562 487 | 49.8
MF+Zoom-in 739 67.1 663 | 646 529 548 | 528 | 639 637 627 | 51.6 453 470 | 41.1
MF+Zoom-in* 76.6 71.1 704 | 68.1 57.8 598 | 58.7 | 69.8 69.1 69.0 | 548 522 525 | 50.7
MF*+Zoom-in 79.5 77.1 755 | 689 648 64.6 | 683 | 634 715 66.6 | 47.0 550 494 | 520
MF*+Zoom-in* 835 821 80.6 | 741 725 717 | 779 | 662 723 684 | 503 568 52.0 | 56.0
MRCNN [17] 853 856 847 | 832 766 788 | 727 | 77.8 85.1 80.6 | 525 579 546 | 77.6
UOIS-Net-2D [39] Depth 883 789 817 | 82.0 659 714 | 69.1 | 80.7 805 799 | 66.0 67.1 656 | 719
UOIS-Net-3D 86.5 866 864 | 80.0 734 762 | 772 | 857 825 833 | 757 689 712 | 73.8
MRCNN 79.6 767 76.6 | 687 637 643 | 629 | 664 648 655 | 53.7 438 475 | 37.1
UCN [38] 86.0 923 835 | 8.4 783 788 | 822 | 843 883 862 | 675 675 67.1 | 793
UCN+Zoom-in 916 925 916 | 8.5 871 86.1 | 893 | 874 874 874 | 69.1 708 694 | 832
UOAIS-Net [5] # 70.7 86.7 719 | 682 785 688 | 78.7 | 853 854 852 | 727 743 731 | 79.1
Mask2Former 786 828 795 | 693 762 71.1 | 693 | 756 792 773 | 541 640 58.0 | 652
MF RGB-D | 884 90.2 885 | 847 831 830 | 80.3 | 795 864 828 | 535 710 60.6 | 794
MEF* 912 90.1 90.1 | 872 855 857 | 839 | 8.1 844 846 | 67.8 714 69.0 | 76.2
MF+Zoom-in 925 910 915 | 894 859 873 | 860 | 87.1 86.1 864 | 69.0 68.6 684 | 80.4
MF+Zoom-in* 91.3 913 91.0 | 877 844 856 | 8.2 | 8.6 829 844 | 689 69.6 68.6 | 763
MF*+Zoom-in 927 916 919 | 899 865 878 | 87.1 | 855 846 848 | 683 659 66.7 | 755
MF*+Zoom-in* 915 91.8 913 | 82 848 86.1 | 87.1 | 87.6 826 844 | 70.8 685 689 | 758

Image

Before
Fine-tuning

After
Fine-tuning

€x

Different Domain

Fig. 5.
to each other, where the original model cannot separate these objects.

E. Object Instance Segmentation across Domains

To evaluate the performance of the fine-tuned models across
domains, we test them on the OCID and OSD datasets and
compare the achieved results with the state-of-the-art methods
in Table From the table, we can see that the fine-tuned
models improve over the state-of-the-art methods on the OCID
dataset for both RGB and RGB-D input. On the OSD dataset,
UOAIS-Net [5]] achieves better performance for RGB-D input
by utilizing photo-realistic synthetic images for training.

In most cases, the fine-tuning strategy consistently improves
the pre-trained models with synthetic images. However, the
RGB-D fine-tuned zoom-in refinement is not as effective as
the original zoom-in refinement on the OCID dataset. The

Same Domain

Same Domain

Different Domain

lustration of the effect of fine-tuning of the MSMFormer. The fine-tuning of the model allows it to distinguish objects that are stacked or adjacent

primary reason for this is that the environment and objects in
our pushing dataset are simpler and more restricted than those
presented in the OCID dataset. The combination of the fine-
tuned first-stage model and the original zoom-in part is more
effective on the OCID dataset. We visualize the differences of
using the original models and fine-tuned models on different
datasets in Fig. [5] The fine-tuned models are able to separate
adjacent objects to mitigate the under-segmentation problem in
the same domain as the fine-tuning images as well as different
domains in the OCID and OSD datasets.

F. Top-Down Grasping with Object Instance Segmentation

We show the usefulness of the proposed system for grasping
unknown objects in a table-top setting where the objects are



Fig. 6. Setup for top-down grasping with segmentation. Robot images on each column show the three stages: approach, pickup and placing in the bin.

TABLE V
GRASP SUCCESS WITH
DIFFERENT SCENE
CONFIGURATIONS.

Fig. 7. Examples of scene configurations
with varying amount of clutter.
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placed in a cluttered environment. A Fetch mobile manipulator
is used for the experiments with its parallel jaw gripper for
grasping, and built in RGB-D camera for perception. We
compute the top-down grasp after segmenting all the objects
in the scene via the procedure described in Section [V-B] We
formulate the experiment as a pick-and-place task where the
goal is to clear the table and place all the objects in a nearby
bin. One example is shown in Fig. [6]

The experiment is conducted with two sets of unknown
objects (i.e., not seen during fine-tuning or training) with each
set containing five objects. For each object set, we consider the
pick-and-place task with four different initial configurations
of the object placement on the table, ranging from highly
cluttered to well separated as shown in Fig. [7] The pick-
and-place grasping trials are conducted with the baselineEl and
ﬁne-tune(ﬂ segmentation models with RGB-D input for each
configuration to bring out the relative improvement of fine-
tuning on data collected using the proposed method.

Given a configuration for object arrangement on the table,
there are five pick-and-place trials associated with each of
the five objects. A trial is counted as a success if a grasp
of an object guided by its segmentation boundary allows for a
successful pick-and-place operation, otherwise its counted as a
failure. A hard-failure occurs for a scene if the segmentation
masks are incorrect in the beginning, with the 5 objects in
the scene. Such an error is not favorable due to possibility of
collision and damage of the gripper and hence the grasping

2Baseline: MSMFormer_R34 + Zoom-in in Table
3Fine-tuned: MSMFormer_R34* + Zoom-in* in Table

is stopped in this case, and none of the objects count towards
the success rate metric. It potentially occurs if the segmenta-
tion model is not able to establish clear boundaries between
nearby objects which induces errors in the grasping pipeline,
specifically in positioning the gripper for picking up the object.
For example, cases 1-A and 1-B with the baseline model in
Table [V] are hard failures due to segmentation error at the
very start. Consequently, no feasible grasping motion is found
for any object in the scene and hence they have no score for
the respective trials. Therefore, accurate object segmentation
is critical for grasping in cluttered scenes.

We obtain data for the 40 individual trials (10 objects in
total, across 4 table-top configurations for each) for each of
the baseline and fine-tuned models and report their number
of successful actions. As seen in Table [V} we see a clear im-
provement in the grasp success rate when using the fine-tuned
model, especially in scenes with high clutter. This highlights
the need for precise segmentation masks of objects in cluttered
scenes as any errors in this stage likely affect downstream
applications like grasping. Additional details and qualitative
results will be provided in the supplementary material.

VI. CONCLUSION AND FUTURE WORK

We introduced a robotic system for self-supervised unseen
object instance segmentation. Our system leverages robot
pushing to interact with objects and collect images before and
after each pushing action. In order to generate segmentation
masks of objects in the collected images, the system allows the
robot to push objects until a sequence of images is collected,
then an optical flow based multi-object tracking algorithm and
a video object segmentation method are combined to segment
object instances in the collected images automatically. Using a
sequence of images from robot pushing enables the system to
segment all the objects in the sequence including objects that
are very close to each other. To the best of our knowledge,
this is a first system that leverages long-term robot interaction
for object segmentation.

We verify the usefulness of the system by using the
collected images to fine-tune object segmentation networks.
Our experiments show that the fine-tuned networks achieve
better segmentation accuracy both in the same domain and in
different domains. We also demonstrate that improving object



segmentation with fine-tuning benefit top-down robot grasping
in a pick-and-place task, where accurate object segmentation
can be used to plan grasps in cluttered scenes.

For future work, we plan to extend the system beyond
tabletop scenarios such as segmenting objects inside bins or
cabinets. Robot interaction in these environments requires
motion planning to account for the constraints from the
environments. Robot pushing may not be sufficient in these
environments. We plan to investigate different interaction
actions such as grasping and scooping for data collection.
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