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Abstract

Service robots, in general, have to work independently and adapt to the dynamic changes
in the environment. One important aspect in such scenarios is to continually learn to
recognize newer object categories when they become available. This combines two main
research problems namely continual learning and 3D object recognition. Most of the exist-
ing research approaches include the use of deep Convolutional Neural Networks (CNNs)
focusing on image datasets. A modified approach might be needed for continually learning
3D object categories. A major concern in using CNNs is the problem of catastrophic for-
getting when a model tries to learn a new task. Despite various recent proposed solutions to
mitigate this problem, there still exist a few side-effects (such as time/computational com-
plexity) of such solutions. We propose a model capable of learning 3D object categories in
an open-ended fashion by employing a deep transfer learning-based approach combined
with dynamically expandable layers, which also makes sure that these side-effects are min-
imized to a great extent. We show that this model sets a new state-of-the-art standard with
regards to accuracy and also substantially minimizes computational complexity.
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Chapter 1

Introduction

1.1 Background

Service robots are generally used in domestic environments where they have to work in-
dependently on some given task. Such environments can be changing frequently or rarely.
Robots should be able to adapt to these changes and efficiently manipulate objects to
achieve some specific goal assigned to it. Or in general, an ideal robot should intelligently
perceive the events occurring in its surroundings and act accordingly. One of the main
concerns in such scenarios is learning about new object categories in an open-ended fash-
ion using a few training instances of the object categories. Such a learning process is also
called open-ended/continual or lifelong learning [20]]. It poses a big challenge in the field
of Artificial General Intelligence (AGI). Hence, it can be seen as a vital ability required
for a robot to perform its day-to-day work.

Even though a lot of attention has been given towards continual learning scenarios, re-
searchers have mainly focused to test their proposed model on 2D image datasets, usually
MNIST [21]. On the other hand, very little attention has been given to the problem of
continual learning of 3D objects. Despite the presence of various papers to improve 3D
object classification, open-ended recognition of 3D objects still poses a problem that lacks
an efficient solution. Therefore, it has a lot of research scope for improvement.

In recent times, the research community has been giving much attention to deep Con-
volutional Neural Networks (CNNs) for continual learning tasks on image datasets. When
the output object categories are pre-determined (or fixed) and a large number of training
instances for each category is available that also resemble the test set, CNNs can give
satisfactory results [22]]. CNNs can be considered incremental in the sense that we can
sequentially train each task in such a way to improve the model’s knowledge about its
previously learned tasks. That is, in incremental learning, given the predefined set of out-
put categories, representation of every category is improved while learning each new task.
For example, let us consider a CNN-based model for dog breed classification with 10 cat-
egories. Here, we can incrementally re-train the model by giving a few instances from
every category at each training stage (here, considered a task). This makes the model to



improve its existing knowledge about every breed category with each subsequent task.

On the contrary, CNNs do not readily support open-ended learning, as this demands
new tasks to be learned which may or may not be related to previously known tasks, and
thus making the above training approach non-applicable. To be specific, in some open-
ended scenarios, the model needs to learn newer categories (here, considered a task) using
a few training examples presented over a period of time. This mainly leads to overwrit-
ing the network’s learned weights every time a new task (defined with new output node)
comes into play. This indeed, causes Catastrophic Forgetting [23], a major limitation of
CNNs. The problem can be defined as forgetting the previous tasks while the model is
being trained further on newer tasks [23]. It usually happens due to overwriting the values
of weights learned from previous tasks, upon the start of training on newer tasks. In ad-
dition to the problem above, learning to recognize 3D objects adds more complications to
the whole issue.

We try to overcome the above-mentioned issues by proposing a novel deep learning
dynamic architectural model, and methods to train it that improves open-ended 3D object
recognition. To be specific, we aim to find whether we can build a model with dynamically
expandable architecture that is capable of learning a substantially large number of 3D
object categories when they become available, without catastrophically forgetting already
known ones. Our proposed model is called 3D_DEN where DEN stands for "Dynamically
Expandable Networks’, named after one of our major parent paper [24] that inspired our
work. Figure 3.1/ shows how our model 3D_DEN looks like.

1.2 Research Questions

To accomplish the aim of our thesis, we will conduct various experiments on Princeton
ModelNet40 which is a 3D object dataset. The specific questions we seek to answer are as
follows:

1.2.1 Which 3D_DEN variant yields the best results when integrated
with different pre-trained networks? Also, does it outperform
the current state-of-the-art?

Here, we experiment with different pre-trained networks to find the best one for our
3D_DEN model and which might outperform the current state-of-the-art [22] for open-
ended 3D object recognition. We will try to find the best 3D_DEN variant not only with
regards to accuracy but also in terms of computational cost. In the end, the best 3D_DEN
variant will be compared to current state-of-the-art, which is OrthographicNet [22].



1.2.2 How does the best performing 3D_DEN variant compare with
offline-trained model?

We conduct a comparative experiment between open-ended evaluation and offline evalua-
tion to check how our model performs with an offline trained model.

To elaborate, we will build different offline-trained models each with a unique para-
metric configuration (using different sizes of Fully-Connected (FC) layers and optimizers)
that is governed by a grid-search, to eventually find the best performing one. Later, this
best offline-trained model is compared with the best 3D_DEN variant. Mainly, we seek to
compare the size of our DEN layers (discussed in Chapter 3)) with fixed size FC-layers of
the offline-trained model. Secondly, the type of optimization used by both of them will
also be compared.

1.2.3 How does the best performing 3D_DEN variant perform in real-
world scenarios?

In the end, we conduct a robotic experiment, where the task given to the robot is to serve a
drink. Here, the robot uses our 3D_DEN model to recognize real-world objects on a table so
that it can manipulate them to execute the serve_a_drink scenario. This experiment is
conducted to confirm whether our proposed model performs well in real-world situations,
especially when integrated into robots.

1.3 Outline

The remainder of this report is organized in the following way. Chapter 2| explains the
theoretical background of our work including the reviews of recent work done in continual
learning and 3D object recognition. Next, the detailed methodologies of our proposed
model namely 3D_DEN are explained in Chapter 3. Chapter 4, is about the experimental
setup and results where we explain in detail the performance of our model compared to
the existing state-of-the-art. This is followed by Chapter |5 where we discuss some flaws
in our approach and conclude with final remarks on our direction of future work.
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Chapter 2

Theoretical Background

In this chapter, we start by giving a brief background about CNNs introduced by LeCunn
et al. [25]. They are currently considered the best deep neural network models for im-
age recognition and its related problems. We then comprehend another important concept
called transfer learning, which describes how we can use these CNNs as pre-trained net-
works while building a model architecture. Further, we review the latest research papers
which made use of CNNs-based models for open-ended object recognition problems. Fi-
nally, we compare how our proposed model will be differing from them.

2.1 Convolutional Neural Networks (CNNs)

A CNN consists of a series of different layers (usually convolution followed by Fully-
Connected (FC) layers) that takes a two-dimensional input and produces the output. Gen-
erally, this two-dimensional data is an image, while the output is a sequence of probability
scores of possible labels. Figure|2.1|shows a CNN classifier for digits, from the article [2]].
CNNss consist of various functions that are performed in different layers as discussed be-
low.

2.1.1 Convolution [1]

The first and most important component of a CNN is the convolution block (or layer)
which is responsible for extracting features through convolution operation. Depending
upon the problem at hand, we can choose to have one or more of these blocks for efficient
feature extraction. Each of these blocks consists of many learnable parameters called fil-
ters. A filter is a set of 2-D matrices stacked together (which makes it 3-dimensional) that
operates on a small area of the input, with their height and width defined by the user (gen-
erally much less than input’s height and width). The depth of the filter is kept the same as
the depth of input, i.e., the number of channels.

During the forward pass, the filter is made to slide over the image across both width

and height dimensions to compute the dot product between the values in the filter and the
image pixels present in this sliding window area. The values from the dot products are

11
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Figure 2.1: A CNN architecture for recognition of digits as shown in article [2]].

summed across the depth dimension and added with a bias. Every such computed value is
indeed passed to a non-linear activation function to finally obtain a 2-dimensional output
grid called an activation map. It should be noted that each sliding operation computes
one pixel of this activation map. The below equation explains this convolution operation
(output after applying the activation function) performed on an input image.

d s=3x3
0k=§((z Z f,~,,-><xl~,,->+bf)
i

where, Oy is the output value of pixel at position k; § denotes a non-linear activation func-
tion; d is the depth (no. of channels) of image; s is the shape of filter with respect to width
and height dimensions (generally, 3 x 3); f represents the filter; x is the input image and b ¢
represents the bias for the filter f. The working of convolution operation on a 2-D image
is shown in Figure 2.2 referred from [3]].

During training (backward pass), the network learns the filter parameters that get ac-
tivated when they recognize certain features present at any arbitrary place in the input.
A stack of these filters is placed along the depth dimension in each block which thereby
results in a stack of 2-D activation maps that constitute the output volume. CNNs gained
much popularity due to two major advantages, as discussed in [[1]]. We briefly explain them
as follows.

Sparse Connections

In a neural network model where each node in a layer is connected to all nodes in the previ-
ous layer, computing an output involves several matrix multiplications. Every connection

12



in between layers is given a separate weight parameter that is learned during training.
When dealing with multi-dimensional inputs like images, the computational cost when
training on such type of network model becomes very high. The key features present in
the images such as edges occupy only a small area. To extract such features, there is no
need to fully connect all the layers. This is the reason behind the usage of filters in convo-
lution layers of CNNs. Usually, these learnable filters have their dimensions much smaller
than the images. During an image classification task, when these filters are slid over the
image, each filter tries to capture some specific features of that image output category. In
simple terms, every filter learns a generic distribution which activates it when some spe-
cific features are found. Having such sparse connectivity reduces computational overhead
to a great extent.

Parameter sharing [1]

When the weight parameters are used more than once in the network, it is called parameter
sharing [[1]. This property is executed by the filters of CNNs. As the main features such as
edges maybe be present anywhere in an image, it is ideal to share the same filter (parame-
ters) all across the image for feature extraction. It should be noted when we say parameter
sharing, it means that the same 2-D matrices from all channels (along depth dimension) of
a filter will be used to slide over each window (sliced depth-wise) of the image. Therefore,
it drastically reduces the total number of parameters required by the model.

2.1.2 Pooling [1]

Usually, a pooling layer is present between two consecutive convolution blocks. This
layer reduces the size of each activation map obtained from the previous layer by down-
sampling it. This eventually reduces the parameters needed in further blocks. It also helps
to prevent over-fitting of the model. Moreover, performing convolution operations using
filters followed by pooling operations causes the layers in CNNs to gain translation invari-
ance property. There are different types of pooling operations (such as Max, Average).
Though, the most common one is Max pooling. Figure 2.3 shows Max-pooling operation
as depicted in [1]]. Here, each filter is of size 2 x 2 having a stride (number of pixels to
slide) of 2. Pooling operation then reduces each activation map to one-fourth of its actual
size, drastically down-sampling it to keep only prominent features. The above reasons
make CNN a widely popular architecture for image classification.

2.1.3 Activation Layer

The output of a convolution operation is first sent to an activation layer before pooling is
applied. It is slightly analogous to activation thresholds present between the biological
neuron connections. In this section, we will describe some of the most commonly used
activation functions.

13
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Figure 2.2: Convolution operations in a CNN as shown in [3]. Here, the single-channel (d=1) input image
is of dimension 3 x 4 and filter is 2 x 2 with stride of 1. Each letter represents a pixel value in both these
entities. When the filter is slid over the image, dot products are computed correspondingly (6 times in this
case) which form the output.

Rectified Linear Unit (ReLU)
The ReLLU function for an input x is defined as below
ReLU(x) = max(0,x)

LeakyReLU is an extension of ReLU where there is a small positive output value even
when the input is negative.

X ifx>0
LeakyReLU(x) = { 0.01x otherwise

Sigmoid function

It is generally used during binary classification or when we find it essential to convert the
output to the range (0,1).
1 e*

Sigmoid(x) = Trer — o 11
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Softmax function

It is an extension of the sigmoid function used to obtain outputs in form of probabilities
for each class during multi-classification tasks.

Softmax(x;) = ———, where i = 1,..., K are output classes, and x = (xp,...,Xk)
j=1€"
224x224x64 . :
p 12112364 Single depth slice
| -4 111124
max pool with 2x2 filters ——7
5(6 |7 |8 and stride 2 6 8
t 3(2(1(0 3|4
v R S
11234
224 downsampling !112
112
224 y

Figure 2.3: The image is taken from [1]]. In the left section, pooling operation is done on the input volume
of size 224 x 224 x 64 to get an output volume 112 x 112 x 64. Note that the volume is not reduced along
the depth dimension (or channels). In the right section, Max-pooling on an activation map is shown. Each
output is obtained by taking maximum value across 2 x 2 windows.

2.1.4 Fully-Connected (FC) Layers

CNNs have Fully-Connected layers towards the end of the model. These layers learn to
match the extracted features from convolution layers with their respective correct output.
Here, all nodes in this layer are connected to all other nodes in its previous layer. Hence,
the computed output of this layer is a matrix multiplication of its nodes and their respective
outgoing weights, followed by the addition of a bias term in the end.
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2.2 Transfer Learning

The main motive behind transfer learning is to re-use the knowledge gained previously on
solving a problem to solve another similar problem. In simple words, we try to transfer
the learned ability to recognize patterns within data to perform another task. For example,
in a typical classification problem to classify animals present in the image data, the model
tries to learn and extract different features of animals to distinguish between them. The
learning happens by tuning the model weights which are responsible for feature extraction.
The top-most layer then uses these features to classify the image accordingly. But, these
extracted features can also be used to solve other similar problems as well, such as the task
of recognizing the breed of animal in an image, etc. The features required for solving this
task would not be very different from those of animal classification problem. Hence, by
trying to re-use those features, we can speed up the process of learning this new task.

Moreover, as the problems involving image data always deals with recognizing simple
geometric shapes at its core, the model always learns these shape features using initially
present layers. Thus, even if the new task (involving image data) is substantially different
from the animal classification problem, the extracted features will still be useful to achieve
better and faster results while learning the new task.

2.2.1 Pre-training

We can see pre-training as an extension to transfer learning concept. During transfer learn-
ing, the main aim is usually to transfer gained knowledge from a specific task to another
similar task. Whereas, pre-training aims to learn all the useful knowledge during the train-
ing process so that it can be used for several different tasks [26]. To put it briefly, in
transfer learning the model learns features required to solve a specific task and tries to ap-
ply this knowledge on any other similar task, while pre-training tries to capture all generic
features while solving a (generic) task so that it can also be used for any other tasks in fu-
ture. Generally, convolution layers are considered to be feature extractors while FC-layers
understand the pattern to map the obtained features to its output. Hence, when using
a pre-trained network, we usually obtain a feature vector directly from flattened convo-
lution layer nodes and discard the top FC-layers. Currently, there are many pre-trained
networks available that are trained on a very large dataset called ImageNet [27]. We will
be using two such popular networks during our experiments namely MobileNetV2 [28]]
and VGGI6 [29]. In our study, we will be comparing which one of them gives better
performance when integrated with 3D_DEN.
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2.3 Literature Review

In this study, we are looking at the problem of open-ended 3D object recognition, which in
itself has two sub-problems, namely continual learning and 3D object recognition. Both of
these have a deep history of research in machine learning, computer vision, and robotics,
resulting in many different approaches. Figure 2.4 displays some of the significant research
papers in the form of a Venn diagram (image was taken from [4]). In this section, we
review a few of these recent efforts which are most relevant and compare how our work
differs, even though it is inspired by them.

2.3.1 Continual Learning (CL) Approaches

Several kinds of approaches have been proposed to the tackle continual learning problem,
involving regularization techniques for weight changes, dynamic architectural networks
and memory replay [30]. We briefly explore them in the following sub-sections.

Rehearsal Generative Replay
) o Pure T -
Rehearsal
@ FearNet \
® ICAR ® GDM |
o |
0 EWC \ ® CWR |/
e sl e PNN
o LWF
_ ©ARL |
\‘\\n - o -
Regularization ~ Architectural

Figure 2.4: This image was taken from the paper [4]. It shows a Venn diagram illustrating recent popular
papers on Continual Learning: PNN [5], CWR [6], EWC [7], SI [8], GEM [9], LWF [10], ExStream [[11],
FearNet [12]], ICARL [[13], MeRGAN [14], GDM [15]], AR1 [16], Pure Rehearsal and GR [17]]. Rehearsal
and generative replay are subsets of replay strategies [4].

Regularization Techniques

This technique tries to tackle the catastrophic forgetting problem by introducing constraint
checks on updation of weight parameters of the model [30]. The use of simple L2-
Regularization forbids the model to learn new upcoming tasks efficiently. To overcome
this problem, a method called Elastic Weight Consolidation (EWC) was proposed in the
paper [7] which computes the Fisher information matrix and uses its diagonal to constrain
the weight parameters. The paper states that this method identifies which parameters were
more important for the previous task and thereby selectively assigns greater constrain on
updation of those parameters. This is in contrast to L2-Regularization where we assume

17



an equal constraint for all the parameters.

Another paper [8]], came up with a similar strategy called Synaptic Intelligence (SI).
In this paper, rather than using diagonals of the Fisher matrix to gain information about
variance, the authors tried to find the *importance factor’ of each parameter across every
previously learned task. This meant that, while updating the parameters the constraint
was not just applied to the change of parameters concerning the immediate previous task.
Instead, they took into account the weight changes concerning all previously learned tasks.

X. He et al. [31], tried to use Conceptors [32}133] to eradicate catastrophic forgetting.
Here, the authors treat conceptors as a memory to learn new tasks, where they keep ex-
ploiting only the unexplored part of memory to store the incremental weight parameters
of new tasks.

Architectural Techniques

This technique tackles catastrophic forgetting by changing the architecture of the model.
One such work was the Progressive Neural Networks (PNN) [S]], where the authors pro-
posed an idea to increase the size of every layer in the model for each new task. Hence,
while performing a task, only the existing nodes and newly added nodes that were present
while training that task will be responsible to compute the task’s output. But, the main
drawback was that the model size kept on increasing with new incoming tasks. Also, as
all the tasks used the nodes added only till their training stage, only a sub-network from
the whole model was used during inference of each task. This leads to significant wastage
of storage space [24]. Extending this work, T. Xiao et al. [34] proposed a similar model
which not only increases its layer sizes but also branches out towards the upper layers. As
described by the authors, the model indeed forms a hierarchical structure to accommodate
new categories [34].

Referring to these stated approaches, a new efficient model was recently proposed in
the paper [24]]. The authors called it ‘Dynamically Expandable Networks’, which com-
bines both regularization and dynamic architectural methods. This paper has proved that
by using the three different training methods, better results can be achieved not only con-
cerning accuracy but also in terms of computational complexity; Selective Re-training:
here, only a sub-network from the whole model is selected and trained on new upcoming
tasks; Dynamic Network Expansion: the model is expanded dynamically when the loss
obtained in the previous method exceeds a specific threshold. Unused newly added nodes
are removed after the training process; Network Splitting: if the value of an existing node
undergoes a drastic change during training, it is duplicated and this new one is used in the
further training process. The authors of this paper have also made sure of efficient mem-
ory usage without compromising the overall accuracy. This model was tested on several
datasets, including 2D image datasets with smaller dimensions like MNIST [21]] and its
variations.
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One major disadvantage of using all the above-mentioned approaches is that they all
assume each task to be a multi-class classification problem. Due to this, during inference,
we have to provide a task ID to select the sub-network from the whole model which may
then be used to provide output (Section 2.4| discusses this in detail). Not all continual
learning problems will have this scenario, such as our problem statement, where each new
task is a new upcoming category to be learned. However, these papers form an excellent
basis for our work.

Memory Replay Techniques

Memory replay tries to tackle catastrophic forgetting by re-using the old samples belong-
ing to the previously learned tasks. It can further be divided into rehearsal and generative
replay [4]. According to the paper [4]], during rehearsal the samples are selected by careful
inspection as each set of samples for the previous tasks should thoroughly represent their
tasks. However, they can also be chosen randomly. Typically, these samples along with
the data of the current task form the coreset [4]. The authors of the paper [9]] proposed a
methodology called ’Gradient Episodic Memory’ (GEM), which makes use of this coreset
not only for training but also to apply a constrain on gradient-update while learning new
tasks. To be specific, they try to reduce the angle between the loss gradient vector obtained
from samples of previously learned task and the current gradient update [9]].

The difference in the generative replay is that we make use of generative models known
as GANGs [35] to create new samples similar to the original samples of previous tasks. This
indeed saves a lot of memory by avoiding the need for previous tasks’ data, but adds a
small computational cost to train generative models. This cost is mainly due to the usage
of two models namely, generator and discriminator [35]. As described in [4], the generator
has its weights frozen but is used to generate replay samples depicting past experiences.
Whereas, discriminator tries to learn from samples of the current task as well as generated
replay. When a task is over, the generator model is trained to generate the current task
samples, initializing it for the next task.

Further, the generative replay can be subdivided into Marginal Replay’ and ’Con-
ditional Replay’ [4, 36]. According to [4], marginal replays make use of conventional
GAN:Ss, while conditional replays use GANs which accept specific inputs. This means that
these models can generate specific output samples as required based on the given input
condition. Hence, they can be used to generate samples of a specific previously learned
task, if required.

2.3.2 Object Recognition Approaches

There have been a few interesting approaches specific to tackle the problem of open-ended
object recognition. One such method is the instance-based approach proposed in the pa-
per [37]]. This demands less training time and works well when we have fewer samples in
training data. According to the algorithm discussed in this paper, the model initially con-
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siders each new object as a new class and later clusters them together rather than assigning
labels to each sample. Even though the authors have proposed this model for unsupervised
continual learning in real-world scenarios, it can also be extended for supervised learning
tasks with some modifications.

Another similar instance-based learning model called OrthographicNet was proposed
by my supervisor Dr.Hamidreza Kasaei in the paper [22]. Here, the model learns interac-
tively, based on three functions: Teach, Ask, and Correct. During training, the model tries
to generate a global feature vector for every object category, which is scale and rotation
invariant. During inference, the extracted features are compared to these global features to
recognize the correct category of the input object.

As described by my supervisor in OrthographicNet [22], initially, three orthographic
projection views of an object are obtained. These views are decided based on the principle
component axes obtained from the eigenvalue decomposition of the object’s point-cloud.
Each view of an object is given as input to a separate pre-trained CNN, which was trained
on ImageNet [27]. This extracts the required features of each view of the object. Then,
these features are merged by element-wise max-pooling to form a single representative
feature vector for the given object. During training, when an object from a new category
arrives, a global representation for that category is created and initialized. This global rep-
resentation for the category is updated whenever more objects from this category arrive. In
other words, we can say that each category has its feature representation (in lesser dimen-
sion) built up using the instances of that category. Finally, during inference, the feature
representation of the input object is compared with the global representations of all cate-
gories using a similarity distance measure and is assigned the closest category. This model
achieves state-of-the-art accuracy in open-ended 3D object recognition scenarios when
tested on Princeton ModelNet40 and Washington RGB-D Object datasets [38,39]. But the
main drawback of such an instance-based learning model is that it may only be able to
learn a limited number of categories. Another concern may be a decrease in performance
when training on similar looking categories. This may indeed be a major concern when
the number of known categories becomes very high. Moreover, it also occupies memory
to store global representations of all categories along with their object views. This prob-
lem is mainly due to the usage of a fixed architectural model with a constant number of
neurons for feature extraction and representation. Nevertheless, this work serves as one of
the major parent papers that inspired our work.

Another important paper [40] discussed a new model named PointNet to recognize 3D
objects by taking the input of objects in the form of point-cloud. Although this model
cannot deal with open-ended learning scenarios, it serves as a base architecture for many
other research papers on open-ended learning. This paper describes three key modules: the
max-pooling layer also called symmetric function, a local and global information combi-
nation structure, and two joint alignment networks [40]. The Symmetry function makes
the model translation invariant and also binds all the information from different points
together. The joint alignment network uses an affine transformation matrix on the input
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before training, so that the model is capable of generalizing certain geometric transfor-
mations while classifying. The local features are aggregated using max-pooling to obtain
global features. Finally, a non-linear function transforms it to get the corresponding prob-
abilistic output.

2.4 Comparing 3D_DEN with other approaches

Here, we try to elaborately explain how our work differs from a few of the above-mentioned
papers [5, 24] which might seem similar.

The first and most important difference is the type of tasks learned by the model. As
stated earlier, our work tries to address the continual learning problem where training a
new task means to learn and classify a new category without forgetting already known cat-
egories (learned in previous tasks). Whereas the above papers assume every new task to
be a multi-class classification that is independent of each other. This means the sequence
of tasks to be learned by the model discussed in these papers can be, for example: ’animal
classification’, ’flower classification’ and so on. Also, all these classification tasks will
assume to have a fixed number of output categories, making the size of the output layer
of the model fixed (for example: 10 types of animals, 10 types of flowers, etc.). Their
proposed training methods involve training only a subset of nodes from the whole model
to learn a task (discussed in the previous section). They also assign a task ID to the nodes
that are currently being trained for each task. This is done to keep track of the set of nodes
corresponding to each (independent) task and are responsible for computing its (task’s)
output. Therefore, during inference, we have to provide a task ID to inform the model to
carry out the particular task we want. Then, only those corresponding nodes having this
task ID will be selected from the whole model, and form a sub-network to be used for
inference. Thus, task ID acts as a timestamp on nodes, that allows users to convey to the
model which learned (independent) task needs to be performed.

However, in our work, each task means learning a new object category and to distin-
guish it from the rest known ones. This makes each task to be dependent or mutually con-
nected to already known tasks. Precisely, we try to tackle the continual learning problem
where learning each new task means to incrementally build a single classification model to
accommodate more and more new output categories. Thus, in contrast to the fixed-sized
output layer used in the above-explained papers, learning a new task in our case, adds a
new output node to the model.

Secondly, during Dynamic Expansion, the approach discussed in [24]] re-trains exist-
ing (or old) parameters along with newly added nodes. Whereas, we only re-train the new
nodes to prevent catastrophic forgetting. Hence, we do not need a separate method Net-
work Splitting discussed in [24] to avoid drastic change in old parameter values.
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Thirdly, in our work, we are using a hybrid approach by combining dynamic architec-
ture technique and memory replay (pure rehearsal). Besides, we employ a deep transfer
learning approach by using a pre-trained network in our architecture for feature extraction
instead of training deep convolution layers from scratch.
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Chapter 3

Methodology

Open-ended learning concerns all three issues namely time, computation, and space com-
plexity. Besides, dynamic architectures which we will be using, are known to have very
high time/computational cost. However, as our problem at hand is specific to domestic
robots, we can assume that the space complexity (storage requirement for data samples)
to be less significant. Our main focus is to reduce the computational cost of our dynamic
architectural model for faster real-time responses, with little or no compromise in overall
accuracy. In other words, we aim to make a model that requires lesser computations during
training but gives real-time responses that have acceptable accuracy.

Input: Multi-view images of 3D object Output
Feature vector DEN DEN
f layer 1 layer 2
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— =0
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Figure 3.1: This is the proposed architecture of our 3D_DEN model. Initially, three representative views are
chosen from a set of multi-view images for a given 3D object. Then, each of them is converted to a single
channel (grey-scale) image and later merged to form a 3-channel image. Now, this image is fed to a pre-
trained network, and the extracted features are flattened. Finally, we attach two DEN layers to the model
which give the output.

Similar to OrthographicNet, 3D_DEN takes three different angular view images of each
3D object instance during training. But, rather than having different CNNs for every view
image, these view images are converted to grey-scale single-channel images and then com-
bined to form a 3-channel image which becomes our input. This idea of combining views
was suggested by my supervisor, Dr.Hamidreza Kasaei. Thus, our overall model design is
a modified version of OrthographicNet’s architecture, that consist of a single pre-trained

23



network (with their weights frozen and top-most layer removed) attached to two consecu-
tive trainable DEN layers (this part was proposed by me) which are Fully-Connected (FC)
as shown in Figure 3.1.

We believe that the usage of a pre-trained network and having only one CNN will min-
imize the computational overhead to a great extent. Whereas, a better overall accuracy will
be maintained by DEN layers as they will learn new distinguishing features of upcoming
categories during training. Throughout the training procedure, weights connecting these
layers are kept sparse using L1-Regularization. However, to achieve an absolute sparse-
ness, we also perform a search at the end of each training process, to find weights having
very low absolute value and zero them out.

We introduce modern supervised training methods for training these layers, few of
them similar to the ones discussed in the paper [24] with modifications as explained in
following subsections. Also, all mathematical equations we formulate are inspired (or
modified) from the said paper. The learning procedure consists of a series of tasks. The
initial task(s=1) is a binary classification of two categories trained according to below
Equation 3.1t

L
minimize £ (W= D) +p121 W=, 3.1)
where L is task-specific loss function, 1 <[ < L represents the /;, layer in the model. W?
represent the weight matrix of the layer / and u is the parameter for L1-Regularization.
Dataset D contains image views of 7 number of object categories, where the set of in-
stances for each task (or category) ¢ is represented by 2. From second task (r > 1)
onwards, each upcoming task represents the addition of a new unknown category to be
learned without forgetting already known ones.

3.1 Data Sampling (Pure Rehearsal)

Ideally, due to the problem of catastrophic forgetting, gradient-based models have to be
re-trained again from scratch when newer data becomes available. In our proposed model
we try to solve this problem by using the simplest method which is sampled rehearsal
of older data along with new data during training each task. This procedure is carried
out by sampling the old data for the same number of instances that the new data has.
We keep equal sampling probability for all the categories in old data and also maintain a
minimum threshold of p, on the number of instances to be drawn from an old category
during sampling. Algorithm |1/ describes our sampling process. The final data for training
task ¢ is represented by Q),'. Although we reduced the training data by using sampling,
we still have to store the whole dataset during our open-ended learning process. An ideal
solution for generic open-ended learning should eradicate this storage problem. We leave
this problem for future work.
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Algorithm 1: Data Sampling
Input: Dataset D = (Dy,...,Dr), task 7 (> 1)
Output: D,
s=len(Dy)/(t—1)
if s < p then
| s=p
end
fori=1,....t—1do
‘ Sample s elements from D; and add to Q)tl
end

Add D, to D,

3.2 Selective Retraining

When a new task (¢ > 1) arrives, firstly, a new output node o; (for new category) is added
and the weights between top-most hidden layer to the output layer (all output nodes) are
retrained using the Equation [3.2. Then, the nodes in this hidden layer that have non-zero
weights to the new output node are selected and added to a list S. Further, we perform
a layer-wise search among the rest of the sparse DEN-layers (FC) to select all the cor-
responding nodes which are connected to the previously selected nodes and add it to S.
These selected nodes are the ones affected by the new task. Hence, we retrain only them
separately as a sub-network using the Equation 3.3, Please note that we also make sure
there is no drastic change in their weights by imposing a regularization constraint in the
loss function. Figure 3.2/ and Algorithm 2| illustrate the working of this method.

minimize £ (Wi sWi5L D)) +u W, (3.2)

Wiy

minimize £ (W W5, 2, ) +u||W|
s (3.3)

w|ws—w ],

where W/, _ represents the weight tensor of nodes at output layer (L) which is being trained

for task ¢; th;_Llfl represents weight tensor of nodes at top-most hidden layer (L — 1) with
values obtained after task r — 1. W represents weight tensor of nodes present in the list S,
which is being trained for task ¢; likewise, Wg_l represents weight tensor of nodes present
in the list S after they were trained for task # — 1. u is the coefficient of L1-Regularization,
and A is the coefficient of regularization that governs drastic weight change.
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Figure 3.2: Selective Retraining: First, the weights between top-most hidden layer and output layer are
trained. In next step, we select nodes in the top-most hidden layer that have non-zero values to the new
output node. Then, we perform a layer-wise search to identify rest of the nodes in sparse bottom layers, that
have non-zero connections to these selected nodes. Selected sub-network is represented by red color.

Algorithm 2: Selective Retraining (modified version from [24])

Input: Q);, wi-l

Output: W'

Initialize [+ L—1,S={o0;}

Solve Eq. 3.2 to obtain W7,

Add neuron i to S if the weight between i and o; in W}, is not zero
for/=L—1,...,1do

Add neuron i to S if there exists some neuron j €S such that Wﬁ; jl #0

end
Solve Eq. 3.3 to obtain W

3.3 Dynamic Expansion

When the test accuracy A, (achieved on unseen test samples) falls below a specific thresh-
old (set as T=0.85) during selective retraining, then new nodes are added to the model to
improve performance. Initially, a constant number of new nodes (say k) are added at each
layer to train the model for the new object categories. The new nodes have input connec-
tions from all nodes from previous layer but their outputs are passed only to new nodes of
the next layer. This allows the new nodes to capture new features of the new task category
by exploiting information from old nodes without modifying them and thereby preserving
the acquired knowledge about older tasks [5]. We only train these new nodes keeping the
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rest of the network non-trainable, using the below Equation 3.4:

minimize £ (WN;Wﬁ’l, @t’> ny HW?CHI 3.4)
Wl

where WEM represents the weight tensor of newly added nodes at layer [; W?il represents
the weight tensor for nodes at layer [ with its values obtained after task r — 1. Any new
node that seems to be useless after training a task is later removed. We assume a node to
be useless when the absolute values of all of its output weights are lesser than a specific
threshold € (set empirically). This makes sure that both the training procedure as well
as the size of the model’s architecture are optimized with regards to computation cost, at
the end of the learning process. Figure 3.3/ and Algorithm 3|illustrate the working of this
method.

Conv Layer(Flattened)

Figure 3.3: Dynamic Expansion: New nodes are added to DEN layers and trained, while rest of the nodes
are kept constant. In the end, new nodes that were found useless are removed. Here, newly added nodes are
represented by red color.

Algorithm 3: Dynamic Expansion (modified version from [24]])

Input: ‘Dt/, €
Output: W'
Add k neurons 47 in all layers
Solve for Eq. 3.4 for all layers
for/=L—-1,...,1do
Remove useless neurons in hf\c whose output weights are less than €
end
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3.4 Dataset and Pre-processing

We used the Princeton ModelNet40 dataset [38] for performing all our experiments. It
contains 12,311 CAD models from 40 different object categories, which were divided into
9,843 training samples and 2,468 testing samples. Image view format of this dataset was
obtained from the paper [41]]. Here, each object sample is represented by a set of 12 im-
age views that are obtained by setting the camera around the object at different angles on
the horizontal plane of the object (angular difference of 30° from each other w.r.t object).
Each view was given a unique ID (value between 1-12) to represent its respective camera
angle.

By manually inspecting a few such samples, we realized which set of camera positions
will be sufficient enough to describe the shape of the object. We observed that the image
views having camera positions which were approximately 120° (a circle that lies on a
plane forms 360°) apart from each other, best described the shape of the objects. Thereby,
we identified and selected the three best representatives (using their unique ID) out of 12
views for every object, which had the above stated angular difference. Also, note that each
view image was converted to a single channel (grey-scale) with dimensions 128 x 128.
The starting step illustrated in Figure 3.1 might give a better picture of how we obtain the
best representative views. This is how we ultimately formed our final dataset (includes
both train and test data). The above pre-processing step was performed to reduce the
computational cost of the training process.
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Chapter 4

Experiment and Results

Three types of experiments were carried out to evaluate our proposed model. First, we
present a systematic open-ended evaluation of the proposed 3D_DEN approach in the con-
text of the object recognition task. Second, we perform an offline evaluation using a simi-
lar architecture as 3D_DEN, but with a fixed size of FC-layers. Lastly, we also performed a
real-robot demonstration in the context of serve_a_drink scenario to show the strength
of the proposed approach concerning real-time performance. In the following subsection,
for each type of experiment, we first describe the experimental setup and then discuss the
obtained results.

4.1 Open-Ended Training Evaluation

In this round of experiments, we evaluated three different pre-trained networks to find out
the best architecture for our 3D_DEN model in terms of accuracy and computational cost.
Two of the networks are popular feature extractors namely VGG16 [29] and MobileNet-
v2 [28], both pre-trained on ImageNet [27/]. The third network is a custom model built
based on the architecture of MobileNet-v2, and trained on ModelNet10 dataset [|38]] which
later serves as a pre-trained network for this experiment. The intention of considering var-
ious pre-trained architectures was to find if there is any notable difference in feature ex-
traction when the input for pre-training is not RGB images but rather three single-channel
view images. Table 4.1| gives more insights on these networks’ properties. Towards the
end, we compare the best 3D_DEN variant to OrthographicNet, and discuss which approach

Table 4.1: Properties of Feature Extractor Networks used in Experiment

Model Feature Length | Depth

VGGI16 4x4%x512 23
MobileNet-v2 1280 88
Custom 1280 88
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yields better results.

The training of the model is performed in a supervised manner where the input is a
3-channel image obtained by combining three grey-scale views of an object (as described
in the previous chapter), while the label of the object is fed as output. The model makes
use of the training methods described in the previous Chapter 3| to learn these input rep-
resentations and match with the outputs. The optimization happens through a gradient-
based stochastic optimizer called Adam [42]. We kept the default values for all the hyper-
parameters used in this optimization technique.

Adam [42]] combines two popular methods, namely AdaGrad [43] and RMSProp [44]].
As described in the paper [43], AdaGrad uses different learning rates (1) for different
trainable parameters. It assigns higher values of 1 to parameters which give less frequent
features, and lower values of 1 to parameters which give more frequent features. This is
well-suited for training on sparse input (like images) as each parameter can have its own
value of 1. Whereas, RMSProp tries to dampen the unwanted oscillations during gradient
descent [44]]. Due to the above advantages, Adam achieves much faster overall conver-
gence than other gradient-based methods, compelling us to use it in our work.

Since the order of introducing tasks may influence the performance, we performed
10 trials for each of the pre-trained networks. In each trial, the model was trained from
scratch on the ModelNet40 dataset in an open-ended fashion and overall accuracy was
noted down. Every trial consisted of 39 tasks, i.e., one less than the total number cate-
gories because the initial task is a binary classification. The order in which the categories
appeared for training was random in every trial. Algorithm |4, describes this process in a
step-wise manner. After the completion of trials, measurements based on different metrics
were computed.

It should be noted that the classical form of evaluation which considers accuracy as
the main metric cannot be used for open-ended performance evaluation. This is because,
in open-ended evaluation, training happens continually and therefore the final accuracy
obtained in the end cannot be the only criterion that defines the efficiency of the training
methods. Hence, we consider three main metrics introduced by the papers [45) 22) 46]]
to compare and discuss the performance of our models. These metrics include (i) Global
Classification Accuracy (GCA), which computes the average of final accuracies for all our
trials; (ii) Average Protocol Accuracy (APA), which describes the average accuracy over
all tasks and all trials; (iii) Average number of Learned Categories (ALC) during each
trial. In OrthographicNet, a trial is stopped as soon as the test accuracy falls below a given
threshold (set as 66.7%). Therefore, each trial may learn a different number of tasks, and
thereby ALC value is computed. But, in our approach we do not have such a stopping
criterion, rather we continue to train the model till all categories (tasks) are learned during
each trial. Thus, the ALC value for all our models is 40, which intuitively means that
each trial involved open-ended training of all (40) categories. This is done to compare the
full capability of each model in learning new tasks and decide which performs the best.
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This ALC criterion was used in our evaluation only to compare how our 3D_DEN variants
perform with respect to OrthographicNet. Additionally, to evaluate the computational cost
of training a model, we consider the total number of parameters in the model.

Algorithm 4: Training Procedure (inspired from [24])
Input: Dataset D=(Dy,...,Dr)
Output: W’
fort=1,...,T do
if 7=1 then
\ Train the network weights W' using Eq. 3.1
else

D, = DataSampling(D, 1)
W' = SelectiveRetraining(W'™")
if A; <7 then

| W' = DynamicExpansion(W")
end

end
end

Results and Interpretations : During our extensive set of open-ended training with dif-
ferent settings in the experiment, we compared the performances of our 3D_DEN models
with OrthographicNet (current state-of-the-art). Table 4.2 shows the results. We can see
that our 3D_DEN variant with Mobilenetv2 as its pre-trained network performed the best
in terms of both the accuracies namely GCA and APA, making it the new state-of-the-art
model for open-ended evaluation on this dataset. Whereas, OrthographicNet was able to
learn only 38 categories after which it had to be stopped as it reached the saturation point.
In particular, our model achieved 80.71% as GCA and 84.16% as APA on the test data
while using only one-third of the parameters of OrthographicNet. Thus, it not only gives
better results but reduced the computational cost to a great extent.

Table 4.2: Result of Open-Ended Evaluation on ModelNet40 Dataset

Model \ GCA(%) | APA(%) | ALC \ #Parameters
OrthographicNet [22] 66.54 74.70 38 |3 x353=10.59M
3D_DEN (ours-VGG16) 77.60 83.92 | 40 138.35M

3D_DEN (ours-MobileNet) | 80.71 84.16 | 40 353M
3D_DEN (ours-Custom) 56.93 68.21 40 353 M

Figure 4.1|shows the timeline graph of GCA (fop), training time (middle) and increase
in number of neurons in DEN layers (bottom) while learning newer tasks. In the top plot
we can see that as the newer tasks are being learned, GCA for all the models started to
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Figure 4.1: Summary of open-ended evaluation: (fop) shows the timeline of GCA for all three models;
(middle) shows training time (approx) needed by our models while learning new tasks; (botfom) shows the
increment in number of neurons in DEN layers for all models.

decrease gradually. This was an expected phenomenon because when newer knowledge is
being gained, the chances of remembering all learned tasks reduces. To put it technically,
as the learning progresses, the weight matrices of the model gradually adapt (or over-
write) themselves to learn newer categories thereby forget to recognize features learned
from previous categories. Secondly, we do see some overlapping between the curves of
3D_DEN_MobileNet and 3D_DEN_VGG16 models. Also, by referring to APA values from
Table 4.2, both of them performed somewhat similar but differed in terms of GCA values.
Whereas, our 3D_DEN_Custom model performed the poorest of them all.
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The bottom plot illustrates the training time for each task for all the models. Please
note this calculation only considers the training time of DEN layers(i.e. trainable param-
eters) excluding feature extraction time from pre-trained networks. Moreover, this time
calculation also depends upon other background processes running on the system, thus
making this plot only an approximation to get an overview of the computational complex-
ity of the models. Having said that, we do observe the training time of 3D_DEN_VGG16 to
be much higher than the other two models which can indeed be explained by the size of
extracted feature vectors used by the models. The bottom plot shows a gradual increase
in the size of DEN layers with newer tasks. With precise examination, we also observe
that 3D_DEN_Custom starts to add newer neurons in the DEN layer much earlier than other
models, which in-turn depicts that it was unable to learn new tasks by training with ex-
isting neurons. To put it in technical terms, existing neurons proved insufficient to gain
newer insights from the extracted features while learning almost every new task. Hence,
this model had to use the second approach that is Dynamic Expansion at a very early stage.

Another major observation here is the slope of the fop plot, which looks a bit steep
towards the start but later this steepness decreases with upcoming tasks. With further in-
spection, we can see that each model has a threshold value on the x-axis after which the
steepness decreases more significantly. To interpret the reason behind this phenomenon,
lets consider 3D_DEN_VGG16 and 3D_DEN_MobileNet for which this threshold is around
task-15 in x-axis. By referring to bottom plot which describes the increment of neurons
during training, fask-15 seems to be the point after which both these models start to add
neurons to its DEN layers. This indeed conveys that our second approach which is Dy-
namic Expansion, yields better results than selective retraining. Even though both seem to
suppress catastrophic forgetting, the latter seems to do the job more efficiently.

4.2 Offline Evaluation using Grid Search

Through this evaluation procedure, we try to find an approximate number of neurons
in FC-layers and the appropriate optimizer required for a model that can achieve the
best accuracy during offline training on our dataset. Our main intention was to com-
pare these results with our best performing 3D_DEN variant (3D_DEN_MobileNet) which
was trained in an open-ended fashion. Precisely, we will observe how the DEN layers of
3D_DEN_MobileNet differ from the optimal size of FC-layers in the model obtained here
and also seek to find if there are any differences in optimizer used.

In this round of experiments, the model training is governed by the Grid Search al-
gorithm. Initially, the parameter range for FC-layer size and set of optimizers to be used
(refer Table 4.3) are fed to grid-search. Then, we perform a series of training, each time
using the whole dataset and using a new parametric configuration (obtained from grid-
search) for the model. In simple terms, each training procedure involves building a model
according to a configuration obtained from the grid-search algorithm and training it from
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scratch on the whole dataset in an offline fashion (on all 40 categories at once). The idea
is to inspect which model configuration performs the best as each training procedure has
a different combination of FC-layer sizes and optimizer. Table |4.3| shows the best con-
figuration results obtained, along with the input parameters of grid-search. The figure 4.2
shows all these configurations with their respective accuracies obtained. The top three
configurations based on accuracy are shown in different colors (green, red, and purple)
while the rest are represented in light-grey. The green-colored connection shows the best
configuration.

Table 4.3: Grid Search Parameters for Offline Evaluation

Grid Parameters Range Best Parameters | Best Accuracy(%)
FC-layer:1 {512,1024,2048} 2048 90.72
FC-layer:2 {128,256,512} 512 '
Optimizer SGD, Adam SGD

No. of neurons in No. of neurons in _
FC-layer 1 FC-layer 2 optimizer Accuracy
2,000 -] 5004 7] ’/gg%:
_\'_
1,800 0.904 —
0.902
1,600
0.900
1,400 0,868
1,200 — 0.896 —
0.894
1,000 250 —
0.892
800 — 200 — 0.890 —
600 — 150 — glam] 0.888 —

Figure 4.2: Results of offline evaluation using grid search is shown above. The best parametric configuration
is represented by green-colored connection. Whereas, the red and purple-colored connections show the
parametric configurations which achieved second best and third best results, respectively.

Results and Interpretations: Table 4.3 and Figure 4.2 shows the results of the offline
evaluation, where we can see that the best size of FC-layers were 2048 and 512 (so a total
of 2560), yielding the highest accuracy of 90.72%. Now, by comparing these results to
3D_DEN_MobileNet (referring to Figure 4.1-bottom), we observe that our model used only
around 1500 neurons in total for both DEN layers which indeed seems reasonable when
we correlate them with the respective accuracies they achieved. Also, to our surprise,
we observed that offline evaluation gave the best accuracy using SGD optimizer, whereas
open-ended evaluation models always gave the best results using Adam optimizer.
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4.3 Evaluation on Real-Time Robot

A real-robot experiment was carried out to check the performance of the proposed model
in real-time. Precisely, this experiment aimed to see if the robot can recognize a set of
table-top objects using our trained 3D_DEN model to accomplish a given task. In partic-
ular, the task here was to pour a drink from a bottle into cups present on the table. The
experimental setup is depicted in Figure 4.3, It mainly consists of a Kinect sensor and
URS5e robotic-arm that perceives the environment and acts accordingly. There are four
instances of three object categories on the table: two cups, a bottle, and a vase object with
flowers. This is a suitable set of objects for this test since similar instances to these se-
lected objects exist in the ModelNet40 dataset.

. End-effector
(QbHand)

. N The four objec:'u.‘ us"é,d. - |

in this experiment
i &

Figure 4.3: Our experimental setup for real-robot experiment consists of a Kinect sensor to perceive the
environment, and a URSe robot to act upon the environment. Throughout the serve_a_drink experiment,
we use four instances of three object categories including bottle, cup, and plant. It should be noted that
similar instances to the selected objects exist in the ModelNet40 dataset.

The cognitive robotic system used in this experiment was built based on the paper [18]],
written by my supervisor Dr.Hamidreza Kasaei (as the first author). The architecture of
this whole system (taken from [18]) can be seen in figure 4.4. As described in this paper,
the system pipeline consists of various modules namely, Object Detection, Object Recog-
nition, Grasp Affordance Recognition (based on pose), and Grasping. In this experiment,
we used our final trained 3D_DEN_MobileNet model obtained from open-ended evalua-
tion to replace the existing Object Recognition module (highlighted as a red box in the
figure 4.4). The rest of the modules were kept unchanged.

We now explain the working of each of these modules as described in [18]. The Object
Detection (and Tracking) module described in [18] combines the methods proposed in the
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Figure 4.4: Image taken from [[18]]. Each depicted module in the diagram is run as a ROS [19] service and
the connections show the flow of information between them [18]. The highlighted red module is replaced
by our 3D_DEN.

e Object Detection

papers [47,48]]. Here, initially, the point cloud data describing the scene is collected from
the 3D-sensor camera (fixed at a location). If a region in this point cloud has points that are
located closely in continual fashion (on all the 3 dimensions), then they are considered as
an object. The algorithm proposed in [48]] is applied to grow this region by merging more
points that closely resemble the existing points in the region. Each resultant region (or
cluster) formed in this way represents an object and is given a tracking ID [18]. Each clus-
ter is passed to a sub-module named ’Pose-invariant Feature Extraction’ module shown
in figure 4.4, This module contains the entity called Global Orthographic Object De-
scriptor’ (GOOD) [49] which computes three orthographic projection views of the object
cluster using its assigned reference frame. These views are converted to grey-scale and
stacked together to form 3-channel image input for our model. The output of our model is
used to label the input object. These label information for every detected object is stored
in the working memory.

As described in [18], to execute grasping, the point cloud of each object is first passed
to "Pose Dependent Feature Extraction’, which is a modified version of GOOD descrip-
tor [49]. This sub-module computes a pose-specific feature vector based on the pose of the
object using orthogonal object views and sends it to the Affordance Recognition module.
Affordance categories can be defined as the set of possible actions using which an object
can be grasped given its pose. It should be noted that the object categories do not relate
directly to affordance categories. Indeed objects from the same category can have differ-
ent affordances for grasps and vice-versa. While teaching affordances, all those objects
having similar pose or pose-specific features that match to the same affordance category,
are merged to form a representative feature vector of that affordance category, which is
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then stored in Perceptual Memory. Therefore, while inferring from the Affordance Recog-
nition module, the pose-specific feature vector for the object is computed and compared
with every representative feature vector of grasp affordances using a similarity measure.
The closest category is taken as the object’s grasp affordance. This information is stored
in grasp memory.

The Grasping module computes a grasp point based on the affordance category of
the detected object [18]. A comprehensive explanation of this can be found in these pa-
pers 50, 48]]. Based on this grasp point, the end-effector arm tries to grasp a specific
object as instructed in the task.

(a) (b) (©)

Figure 4.5: Comparison between a real-world object with the instances used for training: (a) shows the
partial point cloud of the vase object captured by the Kinect sensor in our experiment; (b) and (c) show a
vase and plant instance from the ModelNet40 dataset, on which our model was trained.

Results and Interpretations: To accomplish the serve_a_drink task, the robot should
first detect all the table-top objects, recognize their respective labels, and then decide
which affordance action should be performed on objects based on their pose. Afterward,
it has to grasp the bottle object and transport it on top of each active cup and serve the
drink. The robot should finally return to the initial pose. Towards this goal, the robot first
segments the point cloud of each object from the scene and then computes three single-
channel orthographic views for each of the objects. Then, the obtained orthographic views
of each object are sent to the 3D_DEN_MobileNet as a service request, and the recognition
results are received as the service response (output) in 30Hz. Figure 4.6 shows a sequence
of snapshots of the outputs of object recognition and manipulation while the robot per-
forming serve_a_drink taskﬂ While experimenting with the robot, we observed that the
robot was able to precisely detect the pose and recognize the label of all objects most of

A video demonstration is available at https://youtu.be/tf4trRMyQO0Y
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Figure 4.6: A sequence of snapshots from the real-robot evaluation: (a) This snapshot shows our model
3D_DEN being used to recognize the objects present on the table; (b) The robot grasps the bottle after rec-
ognizing it; (c) The robot manipulates the bottle on top of the cup and tries to pour a drink from the bottle
into the cup. In these images, the pose of objects is shown by green 3D bounding boxes, and the recognition
results are displayed on top of the objects in red.

the time. We also observed that the inferred label for the vase object kept changing be-
tween ‘vase’ and ‘plant’. This classification error indeed makes sense, because both vase
and plant categories from our dataset (on which texttt3D_DEN_MobileNet was trained)
look very similar to the vase real-world object. Figure 4.5/shows the comparison between
the vase object used during our experiment with vase and plant instances from our dataset.
However, given the good performance of our object recognition model, the robot was able
to recognize and grasp the bottle and pour a drink from it into the cups present on the table.
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Chapter 5

Discussion and Conclusion

5.1 Discussion

Even though our model performed well in the experiments, it also gave insights on some
shortcomings guiding us to work on them in the future. We will now explore each of them
in detail.

5.1.1 Constant increase in DEN size

The most important one is regarding the dynamic increase in DEN layers. From the bottom
plot, we can see that after a particular task number, the number of neurons kept increasing
at a constant rate. This shows that after adding new neurons, useless ones are not being re-
moved at the end of every task. This heavily contradicts our expectation that our approach
will remove all of the unwanted newly added neurons. Nevertheless, when we closely
inspected the increment of DEN layer sizes in each trial of the experiment, we did observe
some rare occasions in which our mechanism eliminated the useless neurons. This draw-
back also conveys that in the Dynamic Expansion approach, there was not much sparsity
achieved in the weight matrices of newly added neurons. This indeed leads to the conclu-
sion that our usage of L1-Regularization alone is not sufficient enough to achieve sparsity
while learning continually. Sparsity among new neurons is essential because, otherwise,
every neuron will be trained without any restriction to learn all upcoming tasks, thereby
becoming an essential part of the model.

5.1.2 Inefficiency of Selective Retraining

The same plot gives us one more major insight into our model. The model is essentially
unable to use our Selective Re-training approach after a particular task number, though
it is backed up by our second more efficient approach which is Dynamic Expansion. We
can see from figure 4.1(a) that the accuracy falls a bit steeper each time while performing
selective retraining, and eventually fails after a particular task. This shows that even while
retraining only the sub-network of the existing model makes it forget some of the learned
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tasks. It should be noted that this result was obtained even after using regularization con-
straints on the model weights.

5.1.3 Inability to learn color features

Another problem is with the converting of view images to single channels and combining
them. Although it reduced the computational cost of our model to a great extent, it did
incur a limitation to our approach, which is the inability of our model to learn the color
features of 3D object. Moreover, as the model demands input in such a way, there is
a small additional computational cost for pre-processing here. Having said that, if this
computational cost becomes a lesser concern in certain scenarios due to the advancements
in hardware, then the performance of the model can be improved further by using more
number of views than just three.

5.1.4 Memory requirements

Lastly, let’s come to the storage problem which our model does not address. Even though
our model uses data sampling to reduce the rehearsal training data, this still means that
the dataset has to be stored during the whole learning process. In contrast to our sam-
pling method, the training procedure of OrthographicNet [22] is governed by a teaching
protocol named simulated teacher which interacts with the learning agent (neural network
model). This protocol uses three main functions: Teach-Ask-Correct. The main pur-
pose of these functions is to teach, test, and correct the model when it makes mistakes in
recognizing a particular object category. Hence, the rehearsal happens here only when re-
quired and not on a fixed basis like in our approach. Nevertheless, in both cases, the dataset
always has to be stored in memory. We seek to find a solution to this problem in the future.

By considering the above-stated issues and noticing the trend of gradually decreasing
the accuracy curve in our open-ended training experiment, we can say that the model has
to be eventually stopped from learning after a point to maintain a certain level of accuracy.
With these drawbacks in mind, we can say that our model is not capable of learning a very
large number of tasks as we wanted it to be. But, these observations will prove to be vital
while extending our work in the future.

5.1.5 Answers to research questions
Which 3D_DEN model performs better?

From the results we got, it can be seen that 3D_DEN_MobileNet outperforms the rest. It
also sets the benchmark as a new state-of-the-art. It has not only achieved better accuracy
but also has lesser computational complexity even while using an architectural adaptation
technique. However, as stated before, its limitation is that it cannot learn a very large
number of tasks. This means it does not have a significantly high learning capacity. Indeed,
this drawback is in all our 3D_DEN models in general.
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How does the best 3D_DEN model compare with Offline-trained model?

The comparison showed that the number of neurons in the DEN layers of 3D_DEN_MobileNet
is relatively lesser than the FC-layers of the offline-trained model. This disparity can be
considered as a result of the difference in the accuracy achieved by both the models. This
shows that our approach did indeed add only a reasonable number of neurons during train-
ing.

Another interesting distinction between the two was the optimizers used. The best opti-
mizer for the offline-trained model was SGD, in contrast with 3D_DEN_MobileNet which
achieved the highest performance using Adam.

How does the best 3D_DEN model perform in real-world scenarios?

This evaluation was mainly conducted to check whether our 3D_DEN model adapts effi-
ciently to the real-world tasks. This ensured that even though the model was trained on a
different dataset of 3D objects, it was still able to generalize to real-world objects that were
similar to the ones in the training data. From the interpretation of the experimental results,
we can conclude that our model did generalize well on data directly coming from the real-
world. Even though the model kept changing the label of "vase’ object between vase and
plant, this indeed made sense given the disparity arose due to training data images.

5.2 Conclusion

In this paper, we proposed a deep learning based approach named 3D_DEN that makes
use of dynamic architectural design to learn 3D objects in an open-ended fashion. This
approach not only achieves better results in terms of accuracy but also proves to be very
efficient in terms of computational complexity, which is indeed considered a major concern
while using dynamic architectures in general. While this model can be seen as a new state-
of-the-art benchmark, it should also be noted that this model paves a new path (by using
dynamic architecture) for solving the problem of continual learning using 3-dimensional
data in robotics domains. It can indeed also be considered in other domains that use 3D
data, but of course, with some improvements/changes to adapt to those domains.

5.2.1 Future Work

Even though we did achieve satisfactory performance using our model, there were few
areas which needs improvement. As we discussed in the above section, one major flaw is
the control of the dynamic increase in DEN layers. We seek to solve this issue by coming
with a better optimization strategy to reduce the usage of neurons. Moreover, as of now,
we are adding a constant number of neurons (hardcoded) during Dynamic Expansion. De-
ciding appropriate values for other hyper-parameters(and certain thresholds) is one more
concern. In the future, we will try to find a strategy that will decide these values using one
more learning-based approach. Indeed, there exists a paper [S1] which proposed a method
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using reinforcement learning to predict optimal values for these hyperparameters. This
seems to be a good starting point for further improving our work.

As said earlier, storage and rehearsal of data is one other major concern. There have
been few notable papers to eliminate the rehearsal strategies by making use of generative
approaches [35, 52]. One such latest work that is also similar to our work (to some ex-
tent) is the paper [53]] which seems to give promising results by combining various recent
strategies to mitigate catastrophic forgetting. Another relevant brain-inspired implemen-
tation can be seen in paper [54], which neither uses a generative approach nor attention
mechanisms to address continual learning problem. In the future, we seek to integrate one
or more of these above strategies in our work.
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