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This article presents a method for grasping novel objects by learning from experience.

Successful attempts are remembered and then used to guide future grasps such that

more reliable grasping is achieved over time. To transfer the learned experience to

unseen objects, we introduce the dense geometric correspondence matching network

(DGCM-Net). This applies metric learning to encode objects with similar geometry nearby

in feature space. Retrieving relevant experience for an unseen object is thus a nearest

neighbor search with the encoded feature maps. DGCM-Net also reconstructs 3D-3D

correspondences using the view-dependent normalized object coordinate space to

transform grasp configurations from retrieved samples to unseen objects. In comparison

to baseline methods, our approach achieves an equivalent grasp success rate. However,

the baselines are significantly improved when fusing the knowledge from experience with

their grasp proposal strategy. Offline experiments with a grasping dataset highlight the

capability to transfer grasps to new instances as well as to improve success rate over

time from increasing experience. Lastly, by learning task-relevant grasps, our approach

can prioritize grasp configurations that enable the functional use of objects.

Keywords: robotics, object grasping, incremental learning, dense correspondence matching, deep learning,

metric learning, machine vision

1. INTRODUCTION

Grasping is an essential capability for robots in a large variety of fields, from warehouse operations
to industrial assembly lines, applications in agriculture and many domestic service tasks. Grasping
leads to the subsequent manipulation of objects, which is the most direct way for robots to interact
with the world. Especially in human environments, where many man-made objects are designed to
be handled by people, grasping with a robotic gripper or hand is necessary.

A popular approach for robot grasping is to exploit known objects (Klank et al., 2009; Srinivasa
et al., 2010; Chitta et al., 2012a; Tremblay et al., 2018; Wang C. et al., 2019). However, this can only
be applied to a given set of objects and thus does not generalize to new objects, which reduces the
usability for real-world operation. It is possible to grasp unknown objects by learning classifiers,
predictive or generative models (Saxena et al., 2008; Jiang et al., 2011; Fischinger et al., 2015; Lenz
et al., 2015; Redmon and Angelova, 2015; Pinto and Gupta, 2016; Kumra and Kanan, 2017; Wang
et al., 2017; Morrison et al., 2018) but large amounts of labeled data are required and this is time
consuming when it is annotated by hand. The effort for annotating data is eased by restricting it to
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FIGURE 5 | Objects in the dataset used for the offline experiments and to supplement past experience during the online experiment.

ensured by testing with the subset of classes can, mug, cup,
and bottle.

A grasp pose is regarded as correct when the translation error
is less than 5 cm and the rotational error around the x- and y-axes
is less than 15 degrees. A rotation error around the z-axis in the
gripper frame, which is parallel to the rotational axis of an object,
is ignored since it should be a successful grasp regardless of the
rotation with respect to this axis.

4.3. Increasing Experience
The left plot of Figure 6 shows the ratio of correctly estimated
grasp poses with increasing number of experience per instance.
Solid lines show results when only the experience for the relevant
class is considered and the dotted lines show the results when
experience for all classes is considered. For each configuration
(class and number of experience per instance), we perform 10
iterations using randomly selected samples in the iteration. The
results with class specific experience demonstrate that the grasp
poses are often correctly estimated even if only one experience
is included per instance. For the can and bottle classes,
the correct estimation is approximately 90%, while the worst
performing class, cup, achieves 68%. However, as the number
of experiences increases per instance in each class, the grasp pose
estimation improves.

The dotted lines show the variation in performance when
including other classes for experience, which reflects more
practical scenarios in the real world. Except for the mug class, the
performance slightly drops because the retrieval of experiences
from different classes can cause inaccurate prediction of VD-
NOC values. However, the accuracy still achieves more than

79% when two experiences are included per instance. This
implies that the feature space encoded by the geometry encoder
is sufficient to distinguish different geometrical shapes. The
performance gap for the can class, which has the most simple
shape, is comparably larger than for the other classes. This is
because the mapping from more complex to simpler geometries
produces inaccurate estimations by transferring detailed shapes
into simpler geometries. We discuss more detail regarding this
relationship between classes in the following section.

Figure 7 shows qualitative results. The figure shows the three
nearest experiences and the best transformed pose for different
instances from different classes. The first and second rows are
obtained when the experience database contains samples from all
classes and include the exact instance in the test image. The third
and fourth rows are obtained after excluding the instance in the
test image so that different instances in the same class must be
retrieved to generate grasp proposals. The results reveal that the
grasp poses are transformed to similar locations and directions
even if object poses from experience are different (see the grasp
poses for the can in the third row).

4.4. Transfer Between Instances and
Classes
These experiments show that experience can be transferred
between instances and classes. The experiments are conducted
by using all experience from a single object instance while testing
on different instances. The evaluation metric and subset of target
grasp poses are the same as in the previous experiment. The
matrix on the right of Figure 6 shows that the experience of
instances transfer well to other instances within the same class.
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FIGURE 6 | Results of the offline experiments. (Left) Ratio of accurately estimated grasp pose with increasing number of experiences per instance. Solid lines show

results when class specific experience is used for each test class. Dotted lines show results when experience from all classes is used. (Right) Ratio of accurately

estimated grasp poses using experience from each instance in all classes.

FIGURE 7 | Examples of the three nearest experiences and estimated grasp poses for example input images. Top two rows show examples when the same instance

is included in the experience database. Bottom two rows show examples when the instance is not in the experience database.

Furthermore, experience also transfers beyond the class. For
example, many good grasps are found for bottle instances
when provided by experience from can instances (both types

of objects have a closed surface on the top) and that instances
of the cup class provide sufficient experience for grasping mug
instances (both types of objects have no surface on the top).
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However, the results show that it is difficult to transfer the
experience of a class to an instance in the same class when
the geometry and scale of the instance are different from the
other instances in the class (e.g., Can4 and Cup4). Thus, better
grasp poses are obtained when the experience is obtained from
geometrically similar objects regardless of explicit classes. It is
also observed that grasps for simpler geometries (e.g., from can
to bottle and cup to mug) are more accurately transferred,
while the other direction from complex geometry to simpler
geometry is more difficult. This is because the network tries
to predict VD-NOC values of detailed shapes of objects in
the experience set, such as handles of mug instances, which
potentially causes errors by predicting corresponding points even
if the shapes are missing in the new object.

5. ROBOT EXPERIMENTS

This section presents results of real-world grasping experiments
with a mobile manipulator. First, we describe the hardware set
up used for the experiments. Second, we compare our method
to baseline approaches. Third, we evaluate the full pipeline of
online incremental grasp learning. Finally, we demonstrate the
extension to semantic grasp learning.

5.1. Experimental Details
The robot experiments are performed with the Toyota Human
Support Robot (Yamamoto et al., 2019). The platform consists
of a 4-DOF arm but motions are computed including the
omni-directional base, which effectively offers seven degrees
of freedom. Motions for grasp execution are planned using
MoveIt (Chitta et al., 2012b)3. The end-effector is a parallel-jaw
gripper and grasp success is measured by checking the distance
between the tips of the gripper after the target object is lifted. If
the distance is non-zero, then the grasp is declared successful,
otherwise, it is a failure. Depth images are captured with the
onboard ASUS XTion Pro Live RGB-D sensor positioned on the
head of the robot.

For all grasping experiments, individual objects are placed
on a small table that has a height of 45 cm. The robot is
approximately positioned 30 cm from the table (edge of robot
base to edge of table). The head of the robot is tilted such that
the camera faces the center of the table. The torso of the robot
is raised to give an approximate distance from the camera to an
objects of 1 m to suit the optimal range of the sensor. Objects are
segmented from the table with the same procedure for generating
segmentation masks for the dataset.

All code is written in C++ and Python, and is running
on the robot in Ubuntu 16.04. ROS (Quigley et al., 2009)4 is
used for process communication. DGCM-Net is implemented in
Tensorflow and is running on an external PC with an NVIDIA
GTX 1050 Ti.

3http://moveit.ros.org
4https://www.ros.org/

5.2. Comparison to Baselines
Experiments are conducted to measure the grasp performance of
our framework. For comparison, experiments are also performed
with a number of baselines. The full set of methods is as follows:

• HAF: The approach introduced in Fischinger et al. (2015),
where height accumulated features are extracted from point
clouds to abstract grasp-relevant structure. The features are
computed on different regions of the input and a support
vector machine is trained to predict the quality of the grasp
for each feature. Both top-down and forward-facing grasps are
enabled, and the output with highest score is executed. We use
the original code provided5.

• GPD: The approach introduced in ten Pas et al. (2017), where
grasps are sampled using the surface geometry of the input
point cloud. Grasp success for each sample is classified using a
convolutional neural network (CNN). This takes as input three
images: an averaged height map of occupied points, averaged
height map of the unobserved region, and averaged surface
normals. Given this input, the CNN generates a score value.
Finally, grasps are clustered and the highest scoring cluster is
selected. We use the original code provided6 and the full 15
channel version.

• DGCM-Net: The grasp proposals from DGCM-Net using
pre-collected experience for the relevant object classes in
the experiments. Similar to GPD, the set of proposals from
DGCM-Net are clustered and the highest scoring cluster
is executed. Clustering is performed by grouping all grasps
within 5 cm translation and 15 degrees rotation. The grasp
of the cluster is the mean pose of the proposals that make
up the cluster. The cluster with the highest summed score is
executed. The number of nearest neighbors to be retrieved by
DGCM-Net is set to 10.

• GPD + DGCM-Net: Grasps are proposed using GPD and the
scores are modified by the predictions from DGCM-Net. First,
the grasps from the GPDmethod are computed and the scores
are normalized to the range [0, 1]. Then DGCM-Net is run
on the same input and for each GPD candidate, we find all
DGCM-Net proposals within 5 cm translation and 15 degrees
rotation. The experience score is the average of the scores for
all DGCM-Net grasps deemed to be nearby. The final score
for each GPD candidate is the average of the normalized GPD
score and the summed experience score. The grasp with the
highest final score is executed.

Many robotic grasping approaches are successful for the bin-
picking task (e.g., Mahler et al., 2017). However, these are
focused on 2D grasping and therefore expect a top-down
view of the scene and only generate a grasp parallel to the
camera axis. This are unsuitable for our robot platform due
to the position of the arm on the front of the body that
occludes the scene when facing the camera directly downwards.
Additionally, bin-picking methods are at a disadvantage because
they only generate grasps for a single approach direction. It

5https://github.com/davidfischinger/haf_grasping
6https://github.com/atenpas/gpd
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FIGURE 8 | Test objects used for the online grasping experiments. Three instances in seven classes are used.

TABLE 2 | Grasp success rate of our framework and baseline methods for

different target object classes.

HAF GPD DGCM-Net GPD + DGCM-Net

Box 0.87 0.80 0.67 1.00

Can 0.87 0.67 0.93 0.73

Bottle 0.87 0.93 0.93 0.93

Mug 0.80 0.80 0.87 1.00

Cup 0.80 0.80 0.73 1.00

Bowl 0.40 0.87 0.80 0.87

Clamp 0.40 0.60 0.60 0.67

Average 0.71 0.79 0.79 0.89

The bottom row shows the average for all classes.

is left to future work to extend the evaluation to this type
of scenario.

The experiments are performed for objects from the classes
box, can, bottle, mug, cup, bowl, and clamp. Three
instances are chosen per class and five poses are considered per
instance. The five poses for each instance are kept constant for
the experiments with each grasping method. The objects selected
for the experiments are shown in Figure 8. These include one
object from the YCB dataset for each class from the objects
used in section 4, in particular, the sugar box, spam can,
mustard bottle, red mug, orange cup, red bowl,
and XL clamp. The other two objects for each class are a
mixture of YCB objects and common objects found in homes.

The experience used for our method is an extension of
the database from section 4 that includes instances from the
additional classes of box, bowl, and clamp. Since we are
interested in observing the grasp performance for unseen objects,
the YCB objects selected as target objects are removed from the
experience database.

Performance is measured by grasp success rate, which is the
number of successful grasps divided by the total number of
attempts. Table 2 reports the average grasp success rate for each
class and the average for all classes (bottom row). The results
show that our method performs equivalently to GPD and that

both methods outperform HAF (+8%). However, combining
experience with GPD achieves a much higher grasp success rate
overall. In comparison to the original GPD method, this is an
increase of 10%.

For most classes, the combined approach performs either the
same as the best performing individual method or better. The
only exception is the can class, which has 20% lower grasp
success rate than our direct method. Our observation during
the experiments is that GPD often proposed grasps on and
orthogonal to the rim of the can objects, which resulted in
failures. This exposes the flaw that if the initial candidates are
unfavorable, the combined approach cannot improve. For these
objects, when grasp experience on the top of the can are stored,
the grasps on the rim are still similar in position and orientation
to warrant their selection.

Surprisingly, the box class is the most difficult for our
approach despite having easy geometry to compute a grasp as
shown by the high success rate of HAF. This can be explained
by the fact that all objects of this type can be represented by a
single box by changing the scale in the different dimensions.
Thus, the network has to decide whether to regard a new
instance as a scaled version of an experience or as a transformed
(i.e., rotated) instance. The ambiguity causes noisy predictions
of VD-NOC values. Furthermore, since grasp proposals are
transformed from previous experiences and are ideally in a
similar grasp location, a scale change may cause the prediction
to exceed the range of the gripper, resulting in its rejection due to
the collision.

5.3. Incremental Learning
This set of experiments demonstrate the full incremental learning
framework. The test objects chosen are the gray clamp from
our dataset, the plastic drill from the YCB object dataset
and a gaming controller. Past experience is stored in
the database, however, not for the classes of the test objects.
Therefore, experience from the clamp class is removed. Since
good grasps may not be generated for the unseen objects, GPD
is used in the beginning until DGCM-Net makes reasonable
predictions. A threshold of 0.9 is set as the minimum feature
distance that must be achieved by the output of DGCM-Net,

Frontiers in Robotics and AI | www.frontiersin.org 12 September 2020 | Volume 7 | Article 120

https://www.frontiersin.org/journals/robotics-and-AI
https://www.frontiersin.org
https://www.frontiersin.org/journals/robotics-and-AI#articles


Patten et al. DGCM-Net for Incremental Experience-Based Grasping

FIGURE 9 | Summary of results for the incremental learning experiment with the gray clamp.

FIGURE 10 | Summary of results for the incremental learning experiment with the YCB plastic drill.
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FIGURE 11 | Summary of results for the incremental learning experiment with the gaming controller.

otherwise, the best grasp from GPD is executed. Typically it only
takes one or two successful attempts for the system to switch from
GPD to DGCM-Net. The objects are placed randomly on the
table at the beginning of each experiment and the system runs
autonomously, with the robot grasping the object from where
it lies after a successful or failed attempt. The object is only
handled by a person if it is unintentionally moved near the edge
of the table and presents a risk of falling. After successful grasps,
objects are placed on the table by the robot and receive a slight
variation in pose; failed grasps typically cause considerable object
movement. After any grasp attempt, the robot base returns to the
start position and the localization inaccuracy generates further
viewpoint variation.

Figures 9–11 show the evolution of grasp success for the three

objects. In these figures, the first row shows the surface normal

image of the input and the second to fourth rows show the nearest
three matches in the database. Below this we plot the minimum
feature distance of the nearest neighbor. Lastly, we show the best
grasp proposal from DGCM-Net and the actual gripper position
during the grasp captured by an external camera (red border
indicates failure and green border indicates success). A video of
the experiments is provided in the Supplementary Material and
is also available at https://youtu.be/iI_P1UVXfjo.

From these experiments, we make two observations. Firstly,
after the first successful attempt from GPD is recorded, the
robot typically continues to grasp the target objects successfully.

The predicted grasps for each attempt confirms that our
method reliably predicts the same successful experience so
long as the object and its shape is correctly identified. The
second observation is that the minimum feature distance drops
below the threshold after as many as one sample is in the
database. This is most apparent for the gray clamp in
which the minimum feature distance is very small for all
subsequent trials.

The grasping for the plastic drill and gaming
controller are less reliable than for the gray clamp. For
the plastic drill, the system still exhibits some failures
even after accumulating experience. In both cases, the nearest
feature distance does not converge to the same low value as was
observed for the gray clamp. The reason is that the plastic
drill and gaming controller have less distinct shape
and therefore are more difficult to match. This is especially
noticeable when the objects have rotated. The objects are often
confused as an instance from the box class and the grasps for
the matching object is executed. Fortunately for the gaming
controller, the execution still results in success. However, for
the plastic drill, the predicted grasp is not very good and
the grasp fails.

5.4. Semantic Grasping
A final set of experiments demonstrate the extension of our
method to generate semantic grasps for instances belonging to
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FIGURE 12 | Examples of semantic grasping for the YCB red mug and the YCB orange drill in four different poses. (First row) Surface normal image. (Second

row) Grasp pose executed by the robot. (Third row) Predicted grasp from DGCM-Net. (Fourth row) Predicted grasp from GPD. (Fifth row) Predicted grasp from

HAF.

the same functional class. For these experiments, we investigate
grasps on the handles of mug and drill objects. The
experience is hand annotated for test exemplars of instances
similar to the target object. It is possible for the robot to
self-learn semantic grasping by incorporating, for example,
affordance detection to indicate whether the location of the
grasp matches the affordance of the object part (Do et al.,
2018). This is out of scope for the present article and left for
future work.

Example grasp proposals generated by our method as well

as GPD and HAF for a mug and drill in various poses

are shown in Figure 12. Our method reliably generates grasp
poses on the relevant object part, while both GPD and HAF
fail to do so. Although the grasps from GPD and HAF may
result in success, they do not support the functional use of
the object. For the mug, it is understandable that the handle
is not grasped because the quality of the depth data on that
part of the object is very poor and does not characterize a
stable grasp. Our method, on the other hand, does not only
rely on the local structure to estimate the grasp. So long as
there is some cue about the handle, as is present in these
selected examples, the handle grasp is generated. The drill
offers more depth data on the handle but the baselines still
prefer to grasp the head. HAF is executed to find both top and
front grasps, and the best scoring grasp is shown. Nonetheless,
a top grasp or a front grasp on the head is preferred instead

of the handle. A video of the grasps executed by the robot is
provided in the Supplementary Material and at https://youtu.be/
iI_P1UVXfjo.

6. CONCLUSION

This article presented an approach for incrementally learning
grasps by leveraging past experience. In our system, every
successful grasp is stored in a database and retrieved to
guide future grasps. This is accomplished with the dense
geometric correspondence network that is trained to predict the
similarity between newly acquired input depth images and stored
experiences as well as to predict 3D-3D correspondences to
transform grasp poses. A descriptive feature space is constructed
for the retrieval task using metric learning and correspondences
are established by predicting view-dependent normalized object
coordinate values.

Offline studies with a dataset showed that our approach
precisely recovers grasps from experiences with the same object
and also transfers well to unseen objects from the same or
different class. Furthermore, results showed that more experience
leads to more reliable grasp proposals. Hardware experiments
with a mobile manipulator showed that our experience-based
grasping method performs equally successful as the baselines
and integration with the baselines shows overall superior
performance. Additional experiments demonstrated the full
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online capability to efficiently learn grasps for unseen objects,
often needing only one or two successful grasps to reliably re-
grasp the same object. Finally, an extension was demonstrated
whereby specific grasps, such as those on handles, can be desired
in order to achieve semantically meaningful grasps.

One direction for future work is to include more instances
per class when training DGCM-Net to better generalize over
varied shapes of a class instead of simply manipulating
scales of an object for each class. Furthermore, it has been
observed that points on the bottom of objects are missing
from the object masks since the points are regarded as table
or background. Thus, more detail about objects would be
extracted by applying a segmentation method that refines
the mask using color information. Another avenue of future
work is to include failed experience during the learning
phase. Particularly for objects that are difficult to grasp, it
may take a large number of attempts to finally succeed. By
also considering failures, it would be possible to reject grasp
candidates and thus more quickly guide grasping to successful
regions. Currently our method was only tested with a parallel-
jaw gripper. It would be interesting to extend this work to other
hardware, such as three-finger grippers or anthropomorphic
hands. It would be even more interesting to investigate how
to transfer grasps between grippers so that experience learned
by one platform can be exploited by another platform with
different hardware.
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