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Abstract— In the general field of collaborative robotics, one
of the topics of greatest interest to the scientific community
is the ability to learn to perform certain actions by imitating
humans. If we think about humans, when someone teaches us
how to perform a certain action, we often need to be shown
just one time how to do it. Likewise, we believe that robotics
should follow this line, using models that do not involve the
capture of huge data sets or exhaustive training. Furthermore,
while general models can typically be pretrained offline, the
robot must quickly adapt to new knowledge without requiring
an expensive retraining process. In this article we present a
flexible neural learning architecture that allows a robot to
learn how-to pick-up a given object just by watching how a
human does it. Then, the robot will be able to pick up the
current object, or other objects previously learned, anywhere
in the work field, with a simple audible indication from the
user. This is achieved based on continuous incremental learning
techniques and generic segmentation networks integrated with
Siamese network models according to the recently proposed
CP-CVV method. Results are presented for the success rate in
grasping a varied set of objects.

I. INTRODUCTION
In the field of collaborative robotics, one of the topics of

greatest interest to the scientific community is the ability
to learn to perform certain actions by imitating humans
from one or a few examples of how to do it. If we think
about humans, when someone teaches us to do a certain
task we usually need to be shown at least once how to do
it. Within social robotics, tasks such as feeding a person
using unfamiliar cutlery, learning to chop up food, or learning
to pick up objects or products never seen by the robot are
challenges of great scientific interest.

This paper presents a novel learning method that enables
a collaborative robot to learn to pick up objects quickly from
a single example of how a person picks it up. It will capture
this learning by imitating a human. In continuous learning
the robot will be able to learn to pick up objects during
the operation phase. In other words, there is no need to train
the models used prior to operation. Continuous learning is an
ambitious challenge within Few-Shot Learning (FSL), where
there are only a few examples in each category. One of the
most restrictive cases of FSL is One-Shot Learning (OSL),
where we only have one example of how the person picks
up the object. Our object picking perspective is based on a
data perspective [1], where we start from prior knowledge to
augment the supervised experience. Gradually new classes
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appear and the model must learn them without falling into
the so-called catastrophic forgetting of previous classes.

Additionally, our system is looking for fast learning, where
the user has the feeling that the robot learns immediately. The
system needs to be fast in integrating new classes, something
that adds much more difficulty to the process. There are
very few advances in the literature that integrate continuous
learning and FSL. In the Few-Shot Continual Active Learn-
ing (FoCAL) model [2], they propose a uniform Gaussian
mixture model and use pseudo-trial to mitigate catastrophic
forgetting. However, the authors themselves point out several
problems with their approach that can be studied, such as that
a human assistant provides the robot with the correct object
labels.

In our system, objects are registered from a name, an
image of the object in isolation and an image of the object
showing how a person grasps it. The object is registered
by segmenting the object based on the grip coordinates of
the person’s fingers. Once a new object is registered, the
person asks the robot by audio to pick up a particular object.
Using an automatic speech recognition (ASR) method, we
extract a text prompt. Specifically, the use of audio prompts
improves learning through making it more natural and easier
for humans, as they do not have to worry about launching
specific commands to execute the robot’s movement. This
prompt is compared using semantic comparison techniques
[3] to find out which object the person wants to pick up. We
have used generic segmentation techniques [4] to capture
unknown aspects of the scene integrated with FSL compari-
son techniques [5] to identify new elements. Specifically, we
have used the Class Partitioning and Cross Validation Voting
method (CP-CVV) [6] for segmented object matching. From
the text prompt classification, we search for the closest object
from the segmented ones. If the object is not found directly,
the robot will evaluate different positions to locate it.

Generic segmentation models have the advantage that they
have been previously trained with such a large number of
images that they can operate under the narrow paradigm of
zero-shot learning.These models are able to work even when
they do not know a new object. To date, to the best of our
knowledge, there is no previous study that makes use of
these models with FSL based on CP-CVV, continuous and
fast learning.

II. OVERVIEW OF RELATED WORK

In the realm of collaborative robotics, extensive research
aims to deepen our comprehension of environmental inter-
actions and object handling, striving to replicate human-
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like finesse. Pioneering studies underscore the adoption of
sophisticated perception tools, like computer vision, em-
powering robots to grasp their surroundings with clarity
[7]. Furthermore, there’s a surge in crafting algorithms that
mirror human adeptness in seizing and maneuvering diverse
objects, tackling issues like accommodating varied shapes
[8]. Techniques like demonstration learning [9] and rein-
forced learning [10] have also been harnessed to foster more
intuitive robot-human interactions. Collectively [11], these
strides propel robots towards discerning their environment
and deftly handling objects, paralleling human capabilities.

One notable robotic strategy employs reinforcement learn-
ing (RL). Here, robots autonomously forge control strategies
via iterative trials. Lobbezoo et al. [12] meld traditional and
RL controls in both virtual and tangible settings, endorsing
the RL technique for conventional industrial chores like
reaching, grasping, and placing. Their ambition is to imbue
robotic control with intelligence, enabling task completion
sans meticulous environment, constraint, or action blueprint
delineation. Diverging from prevalent methods where robots
pinpoint and execute grasps, Kalashnikov et al. [13] advocate
a vision-centric, closed-loop control paradigm. Herein, the
robot continually refines its grasp tactics based on fresh data,
optimizing success trajectories. Their model, termed QT-Opt,
is grounded in self-guided vision reinforcement learning,
harnessing vast real-world grasp trials to train a deep neural
network.

Addressing the quandary of optimal grasp locations,
Mahler et al. [14] harness a synthetic dataset encompassing
myriad point clouds, grasps, and analytic metrics to train
a predictive grasp success model. Their framework has
since evolved, accommodating vacuum suction tools [15]
and dual-arm robotic systems [16]. In a similar vein, [17]
curated a dataset spotlighting real-world manipulable items,
proffering detailed pose insights and affordance forecasts.
Their annotation process, leveraging a standard camera and
semi-automated techniques, yields pristine 3D annotations,
bypassing crowd-sourcing. Another noteworthy approach
employs a multi-stage grasp detection algorithm for Kinova
robots in congested settings [18], eclipsing rival algorithms
on the VMRD dataset [19].

Within the domain of robotic learning via demonstration,
some endeavors emphasize gesture recognition via human
skeletal data, employing neural networks and Markovian
frameworks [20]. Concurrently, others delve into the nu-
ances of human demonstrations across disparate contexts
[21], championing imitation learning paradigms. A niche
avenue explores robot eye-hand synchronicity [22], wherein
robots glean task cues from human videos to guide real-time
actions. Merging human demonstration insights with RL,
San et al. [23] advocate for continuous robot-environment
interactions to hone skills. Similarly, Kamali et al. [24] har-
ness virtual reality, guiding robotic actions via hand gestures.
Cabi et al. [25] curate diverse manipulation task policies
through varied techniques, amalgamating human preferences
for nuanced task rewards.

The main problems found in the reviewed previous meth-

ods are that they are not capable of learning without simu-
lation or pre-training, and from a single example of how the
person performs the action. In addition, audio/text-guided
learning increases the naturalness of learning. Our research
not only overcomes the inherent challenges of RL, but also
transforms the paradigms of object handling without the need
for extensive and intricate object representations, ensuring
broad adaptability.

III. ANALYSIS OF THE SYSTEM
Our system allows the robot to learn to perform new

unfamiliar activities by imitation in a fast way. In this paper
we present the operation of the system for a grip case,
although it is extensible to other more complex tasks that
require continuous learning. The system uses audio prompts
to guide the robot. On the one hand, if we want the robot
to learn a new object, it will be enough to say “robot, learn
screwdriver”. On the other hand, if we want the robot to
pick up an object, the audio prompt will be a message
that semantically represents the action of picking up that
object, for example: “please robot, pick up the screwdriver”.
The system has two distinct parts, the acquisition of new
objects and the processing and localization of objects. For
this second part we use the recent CP-CVV method which
has been adapted here to a robotics problem.

A. Registration of new objects
For the registration of new objects, the user tells the

robot through an audio prompt that he wants to learn a new
object (see Figure 1). This prompt is converted into text by
employing an automatic speech recognition (ASR) system
based on a pre-trained OpenAI Whisper model [26]. In case
the system identifies that the user wants to learn a new object,
the robot then takes two consecutive images: one with the
object in the scene and the other showing how a person
grasps it. Using a model of obtaining the key points of the
hand based on Mediapipe [27], we extract various grasping
coordinates in 3D space. The coordinates are used to identify
the new object to be recorded. Using a generic segmentation
based on SAM [4], we extract the object. In the database we
store the encoding of the object name, the segmented image
of the object and its mask, and the relative hand landmarks.
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Fig. 1: Registration of new objects (e.g., screwdriver).
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B. Locating and grasping objects

Figure 2 shows the general scheme of the system in
operation. Objects in the database can be registered and
added at different times. During the operation of the system,
a person asks the robot to pick up some object by means of
audio prompts such as “Could you pick up the toy?”. This
prompt is converted into text with OpenAI Whisper model
[26]. Then, the text is analyzed to find out which is the object
we are looking for. For this purpose, the text is encoded and
by means of a semantic comparison [3] with the encoding of
the different objects (e.g., “screwdriver”, “toy” or “spoon”)
we obtain which is the object that the person is looking for.
Then, we obtain an image with the robot’s camera and launch
a focused segmentation making use of a SAM [4].
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Fig. 2: Schematic of the system in operation.

Classification of segmented objects is carried out using
CP-CVV [6]. In CP-CVV, a set of Siamese networks learn
to distinguish whether two images belong to the same class.
For this purpose, the networks are previously trained with
data belonging to classes that have nothing in common with
the classes that will later be used in operation. Our CP-
CVV has been trained against Fss-1000 dataset [28], which
includes 1,000 different classes of objects. To improve the
classification of the objects, we carry out an alignment of
the objects found in the image with the axis of inertia of the
object searched in the database.

In CP-CVV, validation sets are formed for each k slot by
distributing the n classes among k validation slots (refer to
Figure 3). Specifically, for each of the k training instances
of a model, the validation set is composed of approximately
n/k classes. Prior to allocating validation slots, the order
of the classes is randomized. This approach ensures that
potentially related classes are not grouped together during
a single training session.

CP-CVV model incorporates k Siamese neural networks
through a soft/hard voting mechanism. Unlike the training
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Fig. 3: Distribution of classes in k slots.

methodology of typical Siamese nets, it involves training of
each of the k independent networks separately, utilizing dis-
tinct sets of training and validation classes. During inference,
the model receives two images, signifying a positive pair if
the images belong to the same class and negative otherwise.
The pair of images is inputted into each of the k Siamese
networks, all constructed with the same type of backbone,
generating a feature vector. In our case we have performed
experiments using a simple backbone based on ConvNeXt-
small [29], which has allowed us to speed up training. While
the weights within a Siamese network’s backbone are similar,
they differ across the k models. The output feature vector
from each backbone undergoes element-wise multiplication.
Subsequently, three dense layers are incorporated, including
dropout and batch normalization. The initial dense layer
employs a ReLU activation function, the second employs
a sigmoid activation, and the final dense layer is responsible
for classification using another sigmoid activation function.
In contrast to conventional Siamese networks, which often
use Euclidean distance for connecting backbone features, this
model opts for multiple dense hidden layers. Each Siamese
network’s output approximates a value of 0 or 1, depending
on whether the pair is classified as positive or negative. In
the integration of multiple classifiers through hard-voting,
positive and negative pairs are counted, and the final output is
determined by the majority count. In the case of soft-voting,
the output values are accumulated across different classifiers
and divided by the total number of classifiers. If the result
exceeds 1

2 , the pair is classified as positive; otherwise, it is
deemed negative.

Let τ be the set that includes all the classes of the dataset,
λ the set of classes used for training and β the set of classes
for testing. Let Ti and Vi be the training and validation sets
corresponding to the slot i and k the number of slots used in
CP-CVV. These sets must verify Equations 1 to 4.

τ = λ∪β (1)

λ =
k⋃

i=1

Vi (2)

k⋂
i=1

Vi = /0 (3)
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[Ti = λ−Vi]∀i ∈ k (4)

Each of the k models undergoes training with its respective
training and validation slot. This data distribution strategy
enhances the ensemble model’s ability to generalize across
various scenarios, mitigating the risk of validation overfitting.
In the inference phase, voting is employed. For a given
input sample, denoted as x, pi(x) represents the sigmoid
output value generated by the Siamese network i. In the
sigmoid output scenario, the output assumes the value 0
when the images belong to the same class and 1 otherwise.
Equation (5) illustrates the soft voting mechanism we have
used, achieved by aggregating the output values from all the
classifiers. Each classifier i is associated with a weight wi,
set to 1

k in our case. If the cumulative result surpasses 1
2 ,

it signifies that the images belong to different categories,
leading to a global output of 1. We have used soft instead
of hard since the Fss-1000 training results were significantly
better with that method.

S(x) =
{

1 if
[
∑

k
i=1 wi · pi(x)

]
> 1

2
0 otherwise

(5)

Siamese networks enable us to determine whether two
images belong to the same class. However, in practical clas-
sification applications, the primary goal is often to accurately
classify images into specific categories. For instance, in our
robotics problem, there may be a need to introduce new
objects and have the system automatically categorize images
of incoming objects within these classes, with only one
original image per class. In the CP-CVV framework, the
outputs of multiple Siamese networks are mathematically
comparable, indicating whether two images belong to the
same category. Our focus shifts to analyzing the cumulative
probability that an image belongs to each potential category.
To achieve this, we conduct k · c inferences from the Siamese
networks, resulting in a matrix with k rows and c columns.
Each cell in the matrix denotes the probability that an image
belongs to class c in the k slot. By accumulating the column
values of a specific cell and dividing by k, we obtain the
probability that an image belongs to that class across all
slots.

Let Pc represent the cumulative result obtained by sum-
ming the sigmoid outputs of different Siamese networks for a
test class c, where c ∈ β. Therefore, Pc signifies the value for
a test image belonging to a particular category, assessed by
selecting one random image per category. Let pci denote the
sigmoid output of classifier i with an image from category
c. For soft voting, Pc is calculated as per (6).

Pc(x) =
k

∑
i=1

wi · pci(x) (6)

To identify the most similar category, we select the one
with the closest proximity to 0. This is accomplished through
the use of the argcmin function, as depicted in Equation (7).
This function yields the winning class.

Cso f t(x) = argcmin [Pc(x)] (7)

Once our system locates the object, based on different
thresholds of the CP-CVV classification, we align the hand
gripper coordinates according to how the object was in the
database and how it has been found. That allows us to obtain
the orientation of the robotic gripper and move the robot,
which has previously been calibrated. In case the robot does
not find the object, a scanning work is carried out in different
areas.

IV. EXPERIMENTS AND RESULTS
Before starting the operation of our system, we had to

carry out a training of the Siamese networks used by the
CP-CVV method to learn to distinguish new objects. To train
them we have chosen a database of images with objects and
segmentations and segmentations called Fss-1000 [28]. This
dataset has 1,000 different types of objects along with their
segmentations. Since our system works with the segmented
object images, we have applied the masks to the objects to
obtain their segmentations. Figure 4 shows two inputs during
the training of the CP-CVV model, where we can see that
the image injected into the Siamese is the segmented one.
We have used a ConvNeXt-small backbone [29]. On the
right we see the probabilities of each output of the Siamese
networks and of the total ensemble model. For training we
have divided the 1,000 classes into 100 test classes and
900 training classes. The 900 have been distributed using
the above mentioned scheme. As we used K = 5 slots,
each Siamese was trained with 720 training classes and
180 validation classes. The training was carried out with
data augmentation with changes in perspective, rotation,
translation and illumination. An Adam optimizer with a
learning factor of 10−4 and Binary Cross Entropy loss has
been used. The training plots are shown in Figure 5.

The classification results were evaluated against the test
data. For each test image, random images were selected from
its category and from other categories. The classification
result of an object from the Fss-1000 database into its correct
class can be seen in Table I. It shows after 5 runs the average
results of an individual Siamese with ConvNeXt model and
of the model using CP-CVV.

TABLE I: Classification results of CP-CVV with FSS-1000

Model Accuracy Loss
Siamese with ConvNeXt small backbone 0.8604 2.8866

CP-CVV soft (K = 5 slots) 0.9230 2.1504

From the trained CP-CVV model, we performed the
experiments on the robot. The experimentation has been
conducted using a Kinova Gen 3 robot (see Figure 6). This
robot integrates an RGB-D camera in the wrist that we
used to take the images. The robot has been connected to
a computer with RTX-3090 GPU for faster operation.

Semantic text comparison was performed by setting a
threshold of 0.6 for text similarity based on the cosine
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Fig. 5: Siamese nets training.

similarity of the encoding vector produced. This way we
managed to identify if the object exists in the database. In
the CP-CVV method we also use a threshold of 0.9 as soft
voting probability. This allows us to filter whether the object
is identified by vision.

In the experiments with the Kinova we saw that the CP-
CVV model confused some objects such as screws. To solve
this problem, we saw that the results were significantly
improved by aligning the input image of the Siamese with
the inertial axis of the searched object, which as explained
above was known from the semantic content of the text. We
tested adding up to 15 different objects and obtained a 93%
success rate in picking them up (after 100 pick-up tests and
including some cases of overlapping objects). Learning each
new object takes less than 2 seconds while locating an object
takes 3 seconds. Gripping error is below ±1cm. This error
is mainly caused by object segmentation variations.

Although it difficult to quantify and compare metrics of
different methods under exact conditions, such as success
rate and time, most of the methods in the state of the art
offer results around 70-90% of correct reproduction of the
activity (according to their experiments). For example, in
[5] the authors show results between 76.7% and 91.7% in

(a) Scene (b) Toy grip

Fig. 6: Experiments with Kinova Gen 3: Holding a toy by the
hand. The robot has learned how a person grasps it. Unlike
classical vision methods, the robot can learn complex grips
by imitation. Objects may overlap.

successful grasps, but with a FSL approach. Our method
obtained 93% success rate for our selected activity type with
a OSL approach.

V. CONCLUSIONS

We have presented in this paper a fast continuous learning
system initially focused on grasping objects. The system uses
audio prompts to operate and learns by imitation to grasp
objects just as a person does. We use semantic comparison
models for object selection based on text, and generic
segmentation models and the CP-CVV method for object
classification and selection from images. Our model was
pretrained with a segmentation dataset of images totally
different from those used in operation. The application of
generic segmentation with the CP-CVV method avoids the
costly work of having to create specific datasets and carry
out lengthy training.
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The experimentation has been carried out on a Kinova
Gen 3 robot, obtaining an accuracy close to 93% of object
grasping without catastrophic forgetting. The robot performs
a search for the object in different positions and the learning
of new objects is very fast, taking only a few seconds. Unlike
classical vision methods, the robot can learn complex grips
by imitation. In addition, objects may overlap. Our future line
of research seeks to integrate this technique in the learning
of more complex tasks, such as feeding a person.

Future work will consist of integrating SAM and CP-CVV
into a single model that selects the winning mask from a
single entry of an object type. However, this approach re-
quires a large dataset to generalize to new objects. Moreover,
intensive experimentation with other kinds of objects could
be addressed, provided that an adequate robot grip is attached
to the robot. Results are expected to be satisfactory, as long
as rigid objects are used.
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