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The study investigate the open research problem of overcoming catastrophic for-
getting during incremental similarity learning. The study examines the extent of
forgetting during regular training on four well-known similarity learning loss func-
tions: angular, contrastive, triplet, and center loss. We adapted three state-of-the-art
existing learning techniques for incremental classification learning to incremental
similarity learning. Furthermore, we present our novel incremental learning tech-
nique inspired by previous research. We compared our approach to the three existing
techniques. Finally, we examine the forgetting problem on a variety of simple to
complex datasets. We looked into different architecture setups to comprehensively
examine how the different methods fare. The results confirm that catastrophic forget-
ting does occur during incremental similarity learning. Furthermore, we have shown
the importance of good mining techniques for the similarity learning loss functions to
reduce catastrophic forgetting. The results show that our approach outperformed the
three existing techniques on average for incremental similarity learning. In addition,
we note that our technique retained the highest ratio of base knowledge regardless
of the training setup with the different datasets or network architectures. However,
other methods learn new knowledge better. Nevertheless, our approach yields better
average knowledge performance across all experiments. Furthermore, our approach
can improve performance on unseen classes during incremental similarity learning.
The results show that regularization techniques do not work as well as exemplar
retention techniques in most of our experiments. In addition, we have shown that
different combinations of training setups affect how each of the different techniques
effectively reduces catastrophic forgetting. Further investigation into the relationship
between transfer learning and similarity learning and the protection of intermediate
layer embedding space for catastrophic forgetting is required.
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Chapter 1

Introduction

1.1 Introduction
In machine learning, incremental learning refers to updating a model as new data
becomes available or extended to support further tasks. An incrementally trained
model should ideally retain previously attained knowledge while incorporating any
new knowledge made available as it trains [3], [4]. Unfortunately, many machine
learning algorithms cannot retain prior knowledge or do so in an unsatisfactory man-
ner. Models that do not incrementally learn new tasks or classes whilst retaining
prior knowledge suffer from catastrophic forgetting. Catastrophic forgetting in the
machine learning context is when a machine learning model forgets how to perform
well on previously learned tasks or classes during incremental learning. Catastrophic
forgetting typically occurs during training on new data that contains no or highly
imbalanced examples drawn from prior learned distributions [5], [6]. Catastrophic
forgetting in deep neural networks and many of the tasks supported by them remains
an open research problem [7]–[10]. Previous research has focused almost entirely on
incremental classification learning in multi-layer perceptrons (MLP) neural networks
and convolutional neural networks (CNNs). Typically encountered in computer vi-
sion tasks [11]–[13] and even Generative Adversarial Networks (GANs) [14]. In-
cremental classification learning refers to training a classification model to learn to
perform classification on new tasks or classes incrementally.

Similarity learning is an area of supervised learning that looks into how similar ob-
jects are using a distance metric. In classification, the network outputs a probability
for a given image for each class the network thinks it may belong to. However, a
similarity network outputs a representation for the given image. We can use a dis-
tance metric to measure how related an image is to another image by their distance
apart. So, for example, we can assign a label to an image given the image’s closest
neighbour. A similarity network can have any number of nodes for the output layer.
Incremental similarity learning refers to the update of a similarity learning network
with new tasks or classes.

There have been approaches to incremental classification learning by using regu-
larization to stop drastic weight updates. This process can reduce catastrophic for-
getting, such as Elastic Weight Consolidation (EWC). The EWC [13] approach cal-
culates a Fisher Information Matrix learning each task and the Fisher Information
Matrix regularizes updates of the parameters of the network so that it can find a
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balance between the tasks. EWC has also shown success in reducing catastrophic
forgetting when incrementally training GANs [15]. Another regularization method
is Encoder-Based Lifelong Learning (EBLL) [12] whereby an autoencoder is trained
before the network learns a new task. First, the autoencoder is trained to reconstruct
outputs from the feature extractor section of the network. Then, all the autoencoders
learned from the previous tasks are used for the next incremental step. The autoen-
coders regularize the update of feature extraction layers to perform reasonably well
between all the tasks. The limitation of the method is it requires the autoencoders to
be preserved for future incremental learning steps.

There have also been successful attempts to reduce catastrophic forgetting by giv-
ing reminders to the network in the incremental learning step about what it has
learned before. One well-known example is Incremental Classifier and Represen-
tation Learning (iCaRL) [11], which stores a pool of exemplar images for each class
seen in each incremental step. The exemplars combine with the new training data
to update the network in each step. The exemplars can also perform classification
on the test data. Recent research such as Information-Back Discrete Representation
Replay [16] has also looked into encoding exemplars image into one dimension dat-
apoints and stored be reconstructed for incremental learning in classification tasks.
iCaRL puts a limit on the total number of exemplars that we can keep. The total
number is divided between all the classes learned to get the number of exemplars per
class. Thus, the number of exemplars per class is reduced as the network learns new
classes. Unfortunately, the reduced exemplars per class may not be enough to remind
the network to preserve knowledge as the network incrementally train.

A different take on incremental learning of tasks is the use of network architectures
designed for incremental learning. One such example is dynamically expandable
networks [17] that can expand their capacity when necessary to learn more tasks.
The network tries to find unused neurons in the network not occupied by the pre-
vious tasks. Then, it selectively retrains the unused neurons. If it cannot find any,
the network expands each layer where necessary. However, the main limitation of
dynamically expandable networks is the growing number of parameters to compute
as the network grows. In addition, the hardware may not handle a lot of network
expansion due to memory limitations.

Our research investigates incremental similarity learning for learning new classes se-
quentially on the following datasets: MNIST [18], FMNIST [19], EMNIST [20], and
CIFAR10 [21], which we denote as motivating datasets. However, experiments using
only the motivating datasets only partially represent performance expected on real-
world data. Therefore, we further experimented using CUB200 [22] and CAR196
[23] to better represent real-world performance which we denote as primary datasets.

1.2 Problem Statement
The common similarity between previous research is that they primarily focus on
catastrophic forgetting during incremental classification learning. However, there
persists a lack of evidence detailing the degree to which similarity learning tasks and
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the underpinning pair mining and loss functions are affected by catastrophic forget-
ting during incremental similarity learning. Most techniques aimed at overcoming
catastrophic forgetting in deep neural networks have been designed with incremental
classification learning in mind [11]–[13], [16]. There is currently a lack of insights
into how well existing incremental classification learning approaches would work for
incremental similarity learning.

1.3 Aim and Objectives
The study aims to adapt and implement four different incremental-learning tech-
niques, including our novel method, to overcome catastrophic forgetting during in-
cremental similarity learning. Our study aims to fill the gap and investigate incre-
mental similarity learning with deep convolution neural networks and deep neural
networks (CNNs and DNNs). Incremental similarity learning will enable the net-
works to incrementally learn new knowledge without the need to be retrained on the
entire dataset. The goal is for the similarity learning networks to continue to perform
well in old classes and continuously improve while learning new knowledge. The
objectives of our study are to:

• Implement similarity learning in siamese networks using the following loss
functions: Triplet, Contrastive, Center loss, and Angular loss.

• Compare the differences in catastrophic forgetting on the four different loss
functions without incremental learning techniques.

• Adapt parameter consolidation incremental learning technique, Elastic Weight
Consolidation (EWC), to the siamese networks as a baseline.

• Adapt the Encoder-Based Lifelong Learning (EBLL) incremental learning tech-
nique to the siamese networks as a baseline.

• Adapt the rehearsal based incremental Classifier and Representation Learning
(iCaRL) incremental learning technique to the siamese networks as a baseline.

• Implement our novel incremental learning approach FullVAE and ConVAEr
on the siamese networks.

• Compare how the networks perform with and without any of the incremental
learning techniques on motivating datasets.

• Compare how the techniques perform on incremental similarity learning, us-
ing our incremental similarity learning test metric. Our test metric is a minor
variation of the test metric from Kemker et al. [24] for catastrophic forgetting
assessment of incremental classification learning.

• Compare the best performing existing technique to our FullVAE and ConVAEr
technique on primary datasets with a complex network during incremental sim-
ilarity learning.
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1.4 Research Questions
We present the following research questions:

1. How do siamese networks that apply incremental learning techniques compare
to siamese networks without incremental-learning techniques?

2. Which of the loss functions is the most robust to catastrophic forgetting on
motivating and primary datasets?

3. How do the three techniques from existing literature and our novel approach
compare during incremental similarity learning on the motivating datasets us-
ing simple and complex CNN architectures?

4. How does the best performing existing technique compare to our FullVAE and
ConVAEr technique on the primary datasets?

1.5 Contributions
The contributions of this study is:

• The results show that the four different loss functions were not capable of
incremental similarity without the aid of any incremental learning technique
(Section 5.1 and 5.2).

• We showed successful adaptation of the EWC, EBLL and iCaRL technique to
incremental similarity learning and was able to reduce catastrophic forgetting
(Section 5.2).

• We introduced our novel method (FullVAE and ConVAEr) using simple Vari-
ational Autoencoders (VAE) (Chapter 3).

• The results show that our FullVAE approach outperformed the other three ex-
isting solutions for incremental similarity learning (Section 5.2.3).

• The results show the importance of good mining techniques for the loss func-
tions (Section 5.2.1).

• We reinforce that an increased number of initial classes comes with increased
catastrophic forgetting on motivating datasets. We illustrate that the more com-
plex the task, the greater the catastrophic forgetting (Both in Section 5.2.2).

• The results show that Elastic Weight Consolidation and Encoder Based Life-
long are less effective than other methods for incremental similarity learning
(Section 5.2.2).

• The dissertation introduces the importance of keeping some form of previous
knowledge during incremental similarity learning (Section 5.2.2 and 5.3).

• We highlight that with good mining techniques, Angular loss is least affected
by catastrophic forgetting on the motivating datasets (Section 5.2.3).
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• The results show that Contrastive loss with good mining technique with our
approach is the most robust for simple and real-world datasets (Section 5.2.3
and 5.3).

• We demonstrate that generated representations from VAEs work just as well
as images for exemplars on motivating and primary datasets (Section 5.2.3 and
5.3.2).

• The results show that ConVAEr yields better average knowledge retention
across all experiments using a more complex network architecture on primary
datasets (Section 5.3).

• The results show that intercepting exemplars from the convolutional layers
(ConVAEr) retained the highest ratio of base knowledge compared to FullVAE
and iCaRL (Section 5.3.2).

• We note that using embeddings from the linear layers (FullVAE) leads to better
performance on new knowledge than convolutional embeddings (ConVAEr)
(Section 5.3.2).

• We show potential improvements to unseen class performance on primary
datasets when performing incremental similarity learning using our approach
(Section 5.3.3).

1.6 Limitations
The limitations of our study are that we have not looked into the entirety of all the
possible similarity loss functions available in the similarity learning space. In addi-
tion, we have not looked into how the methods would perform on all possible image
datasets in the computer vision field because that is not feasible. Furthermore, we
have not investigated how all available network architectures would be affected by
catastrophic forgetting because it is not feasible. However, we give a general idea
of how the techniques would perform using well-known datasets with well-known
CNN architectures. Finally, we do not include some recent advances for overcoming
catastrophic forgetting.

1.7 Structure
The structure of our study is as follows: In Chapter 2, we discuss the related research
and concepts related to catastrophic forgetting and the different incremental learn-
ing technique that aims to overcome catastrophic forgetting. Furthermore, including
details of various similarity loss functions, we implement for the research. In Chap-
ter 3, we present the details of our novel approach and illustrate how it works. In
Chapter 4, we discuss the aims and objectives of our research and the methodology
detailing the training setups of our experiments and the various metrics we use to
measure each of the models’ performance. Chapter 5 presents many results from our
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investigation, comparing the different approaches and presenting detailed key obser-
vations and discussions. Finally, we provide a summary of our research and possible
future work in Chapter 6.
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Chapter 2

Background and Related Work

2.1 Introduction
Incremental learning is the idea of a machine learning model that can continuously
learn new information and adapt to real-world tasks. Incremental learning enables a
model to progressively learn and develop its skills and knowledge based on the needs
of the real world. In machine learning, incremental learning refers to the incremental
update of a machine learning model with new data to perform new tasks. The model
should still retain the model’s previous knowledge to be usable on previously learned
tasks or classes [11], [12], [16], [25].

Catastrophic forgetting in contrast to gradual or partial forgetting is when a machine
learning model completely or abruptly forgets previously learned information. The
forgetting occurs during the process in which it is learning new information on new
data [24]. However, humans can retain the knowledge of previous tasks while learn-
ing a new task. We should aim for the same ability with neural networks in machine
learning.

Previous research on incremental learning commonly also tries to overcome catas-
trophic forgetting because incremental learning and catastrophic forgetting are re-
lated to one another [8], [11], [13], [26], [27]. Previous research looked into the use
of biologically inspired network architectures [28], network parameter consolidation
by constraining newly learned parameters [13], and network architectures such as dy-
namically expanding networks [17]. The methods allow a machine learning model
to learn more than one task. An example of incremental learning that used fake de-
tection was a research by Marra et al. [15]. The authors adapted the Incremental
Classifier and Representation Learning (iCaRL) technique for deep fake detection of
GANs. iCaRL is technique recently proposed for incremental object classification
[11]. The research proposed an incremental-learning strategy to address the problem
of DNN’s performing well on one type of GAN but not on another type of GANs.
The reason being different GANs generate fake images differently. The incremental-
learning strategy allows them to incrementally train a fake detection model that per-
forms well against new unseen GANs and previously learned GANs.

This section covers the various challenges with incremental learning and presents
previous related research on various machine learning algorithms that overcame catas-
trophic forgetting during incremental learning to a certain extent. Furthermore, in a
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later section, we present our own novel incremental learning approach designed for
similarity learning networks using inspiration from the previous incremental learning
techniques.

2.2 Catastrophic Forgetting in Neural Networks
Goodfellow et al. [7] investigated catastrophic forgetting in gradient-based neural
networks used for classification. The results showed that various combinations of
activation function and learning were affected differently by catastrophic forgetting.
Rannen et al. [12] demonstrated the problem of catastrophic forgetting in deep neural
networks (DNN) using the AlexNet architecture. The research highlighted the classi-
fication performance drop in a previously learned task when a DNN is fined-tuned for
newer classification tasks. The authors proposed using lightweight autoencoders to
preserve the feature representations learned by the base network (AlexNet) that were
optimal for the task before learning the next task. An autoencoder is trained after the
network learns each new task, increasing storage requirements for storing each au-
toencoder. The methods proposed significantly reduced catastrophic forgetting that
occurred during incremental classification learning.

Further research by Thanh-Tung et al. [14] showed an in-depth analysis of catas-
trophic forgetting in Generative Adversarial Networks (GAN). They focused on ex-
plaining the causes and effects of catastrophic forgetting and how it relates to mode
collapse and non-convergence of the GANs. The research highlighted the problem of
GANs suffering from forgetting even when trained on eight datasets generated from
a single mixture of eight Gaussian models. Further analysis into incremental learning
real-world image datasets such as CIFAR-10 and CelebA exhibited the same prob-
lem in GANs. The first main reason is that the new task does not use the knowledge
learned from earlier tasks. Second, the current task is too different from previous
tasks, and therefore knowledge is not reused and is instead overwritten. Existing
research by Seff et al. [29] demonstrated the use of EWC [13] to try and overcome
catastrophic forgetting in GANs during incremental training on the set of distribu-
tions. The results showed less forgetting on the GAN when trained on The Street
View House Number (SVHN) digit classification dataset using EWC compared to
standard training but it still suffered some forgetting. However, the experiments only
performed one step of incremental learning whereby they initially trained the GAN
with data from 0 through 4. In the incremental step, the GAN was trained with data
on digits 5 through 9. A single step of incremental learning in the experiments does
not show how well the EWC method would aid the GAN over long term incremental
learning.
The research by Choi et al. [30] proposed the use of an autoencoder-based incre-
mental classification learning technique without the use of a softmax classification
layer like conventional classification models. The research is premised on the no-
tion of a metric-based classification method, nearest-class-mean (NCM), an earlier
research by Mensink et al. [31]. The idea is to make use of a pre-trained fixed net-
work as a feature extractor for the autoencoder. The autoencoder is trained on the
feature embeddings. The encoded representations from the encoder are used for co-
sine similarity-based classification. The problem of catastrophic forgetting occurs
when the autoencoder is fine-tuned for feature embedding from new classes learned
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incrementally. To overcome this difficulty, the authors use regularization techniques:
Synaptic Intelligence (SI) [32], and Memory Aware Synapses (MAS) [33]. The tech-
niques add a term to the existing loss function during the incremental class learning
phase. The methods demonstrated good memory retention without the need to train
on older data.

2.3 Elastic Weight Consolidation
Elastic Weight Consolidation (EWC) is a method proposed by Kirkpatrick et al.
[13] aimed at overcoming the limitations of catastrophic forgetting in neural net-
works during incremental class learning. EWC selectively slows down the learning
of weights that are of importance to the previously learned tasks. The constraint used
to slow down weight updates is the Gaussian distribution modelled using the network
weights as the mean and diagonal of the Fisher information matrix as the diagonal
precision from previous tasks. The update constraint is shown as:

L(θ) = Lt(θ) + ∑
i

λ

2
Fi(θi − θ∗t−1,i)

2 , (2.1)

where L(θ) is the combined loss. θ are the network parameters. Lt(θ) is loss of the
current training session at time t. λ is a hyper-parameter that indicates the impor-
tance of the old tasks compared to the new tasks. i represents each parameter of the
network. F is the Fisher Information Matrix used to constrain the weights important
for previously learned tasks to the original values [34]. θ∗t−1 are the trainable param-
eters from the previously trained model from the previous training session, t − 1.
Kirkpatrick et al. computed the Fisher Information Matrix using the gradient of the
cross-entropy loss from the output of the network. The Fisher Information matrix is
computed using the following:

F =
1
N

N

∑
i
∇logp(xi|θ)∇logp(xi|θ)T , (2.2)

where ∇logp(xi|θ) is the gradient of the the log likelihood. N is the number of
training samples, xi is the ith training sample, and θ is the parameters in the network.

However, EWC is an incremental learning technique aimed at classification, and
the Fisher information matrix [34] used was designed for classification networks
using cross-entropy. Therefore, to use EWC for similarity learning, we applied the
gradient of our respective loss functions to compute the Fisher Information Matrix
instead of cross-entropy likelihood, which we show in Section 4.3.2.

2.4 Information-Back Discrete Representation Replay
Incremental Learning with Information-Back Discrete Representation Replay (IB-
DRR) is an approach proposed by Jiang et al. [16] for incremental classification
learning. The approach formalized incremental learning as a latent representation
compression problem whereby image exemplars are stored using as little memory
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FIGURE 2.1: A high-level diagram depicting the IB-DRR algo-
rithm [16].

as possible. The main idea is to compress and save image exemplars in represen-
tation for replay during incremental learning. The approach involves two steps of
compression. Firstly, the authors used a pre-trained Vector-Quantized Variational
Autoencoder (VQ-VAE) for compressing image exemplars into discrete latent repre-
sentation to store into a buffer. Second, a Bits-Back Asymmetric Numeral Systems
(ANS) was used to compress the latent representations into one dimension datapoints
in the bit-streams in the memory. The discrete representations are replayed to the net-
work during incremental learning by decompressing the bit-streams to latent repre-
sentations and then back into the image domain. The decompressed images feed into
the network alongside new images. The approach delivered good performance com-
parable and even slightly outperforms the state-of-the-art techniques on CIFAR100.
We have included an illustration of how IB-DRR process works in Figure 2.1.

2.5 Encoder-Based Lifelong Learning
Encoder-Based Lifelong Learning (EBLL) was proposed by Rannen et al. [12] for
incremental classification learning. EBLL modifies how the convolutional layers of
a network are updated. After each incremental learning task, the authors train an au-
toencoder to reconstruct the “images” at the output of the convolutional layers. The
reconstructed images are passed through the network’s remaining fully connected
layers to calculate their resulting classification loss. The reconstruction loss, to-
gether with the classification loss, is used to update the autoencoder’s weights. For
incremental learning, the previous tasks classification layer detaches for each new in-
cremental learning task, and a new classification layer is attached. A frozen copy of
the previous optimal network is preserved before training the next task. The new im-
ages pass through both the new and frozen networks during training for the new task.
However, only the new network is updated. The image’s convolution output of the
new and frozen network are propagated through the autoencoder up to the bottleneck
layer. The mean square error of the encoded outputs from the bottleneck layer of the
autoencoder is calculated between the two networks and added to the final classifica-
tion loss. Distillation loss is also calculated between all tasks learned previously and
added to the final loss. The final classification loss propagated through the network’s
weights to update the network’s weights. The process constrains the weight update
of the convolutional network layers to compromise between new and old tasks. The
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FIGURE 2.2: A high-level diagram depicting the EBLL algo-
rithm [12].

loss to update the network during the incremental learning step is:

L =
1
N
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where N is the number of training samples in the current task T. The T∗
t ◦ T∗ ◦

F∗(X(T)
i ) is the respective optimal feature extractor F, shared task operator T and

task specific operators for task t.

ℓcross entropy

(
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(
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i

)
, Y(T)

i

)
,

is the cross entropy loss of the task the network is currently learning.
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(
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)
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t ◦ T∗ ◦ F∗
(
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))
,

is the sum of distillation loss of all the previously learned tasks not including the
current task. F(X(T)

i ) is the feature extractor outputs for the image X(T)
i from the

in-training network for the current task. F(X(T)
i ) is the feature extractor outputs for

the image X(T)
i from the frozen network copy made before training on the current
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task.

T−1

∑
t=1

αt

2
||σ(Wenc,tF(Xi))− σ(Wenc,tF∗(Xi))||22) ,

is the sum of the mean square error of the encoded outputs between the teacher and
student feature extractor given the image XT

i . The distillation loss used is a modifi-
cation of cross entropy from Hinton et al. [35]. The loss for training the autoencoder
is:

Lae =λ ·
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i

)
,

(2.4)

where Lae is the total loss of the autoencoder.∣∣∣∣∣∣r (F∗
(
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is the reconstruction mean square error loss, X(T)
i is the input image, Y(T)

i is the label

for the input image, F∗(X) is the feature extractor output for image X , r
(

F∗
(

X(T)
i

))
is the reconstructed feature extractor output, with

ℓcross entropy

(
TT ◦ T ◦ F

(
X(T)

i

)
, Y(T)

i

)
,

as the cross entropy loss using the optimal set of parameters learned. Let λ be the
importance we place on the reconstruction loss per Rannen et al. [12]. F∗ refers to
the optimized convolutional layers of the network for the task. We have included an
illustration of how EBLL process works in Figure 2.2.

2.6 Incremental Classifier and Representation Learn-
ing

Rehearsal methods try to decrease catastrophic forgetting by mixing some data from
earlier learned classes to the present learning session. However, the method’s cost
requires storing some past data learned, which is not memory efficient. Existing
pseudo-rehearsal attempt to counter the problem by making use of a network to gen-
erate pseudo-patterns that resembles previously learned data [10], [36]. The gener-
ated data is combined with the data in the present learning session. Pseudo-patterns
allow the networks to see older data without the need for storing them.

One such example of rehearsal method is Incremental Classifier and Represen-
tation Learning (iCaRL) is a method proposed by Rebuffi et al. [11] for reducing
catastrophic forgetting. iCaRL can learn a strong classifier and a data representation
simultaneously. As a result, it is compatible with deep neural networks. iCaRL pri-
marily relies on the storing of exemplars from previously seen classes. The authors
construct each class’s exemplar set by storing k images ranked by the closeness of
their representation to the class’s mean representation. This selection of the k closest
images is known as the herding algorithm. The stored exemplars are used to supple-
ment the incremental learning phase of new classes and use knowledge distillation.
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Classification is performed using the stored exemplars following the nearest-mean-
of-exemplars rule: A new image is classified to the class of the exemplar closest to
it. iCaRL is reported to learn classes incrementally over a longer period where other
methods failed more quickly. The distillation loss used was also a modification of
cross-entropy from Hinton et al. [35] similar to EBLL [12] discussed above.

2.7 Ensemble-based Methods
Ensemble-based incremental-learning methods try to decrease catastrophic forget-
ting by explicitly or implicitly training multiple classifiers. The classifiers will each
predict what new unseen data is. The predictions are combined to make a final
prediction based on the highest votes. XGBoost [37] is an example of an explicit
ensemble-based incremental-learning method. The problem with explicit methods is
that the memory usage will scale according to the number of learning sessions, which
is not the desired outcome. PathNet [8] is an example of an implicit ensemble-based
method. PathNet uses a genetic algorithm to find an optimal path through a fixed size
network for each training session. The weights of the previous paths are frozen dur-
ing the subsequent training sessions of new tasks or classes. The network will retain
the earlier knowledge learned because one task uses a unique path, and previously
found paths are frozen for subsequent training sessions for new tasks. Therefore the
limitation to PathNet is that it can only learn a limited amount of training sessions.

2.8 Dynamically Expanding Networks
Dynamically Expanding Networks (DEN) are network architectures that can actively
decide their network capacity during training. During incremental learning, the net-
work will actively expand or decrease its capacity depending on the sequence of
trained tasks. Thus, the networks can learn a dense overlapping knowledge-sharing
structure among the sequentially learned tasks or classes. DENs is a trained online
approach by doing selective retraining on the previously trained old network. The
old network’s capacity will dynamically expand if necessary. It decides on the opti-
mal capacity during the training phase on the new task or class. Previous research by
Yoon et al. [17] looked into a network architecture that can learn overlapping knowl-
edge between tasks and dynamically expand its network capacity when necessary
given a set of rules. The dynamically expanding networks by Yoon et al. procedure
are as follows:

• Selective retraining: retraining the whole network would be time inefficient.
Therefore, selective retraining aims to find weights that are affected by the
new tasks. The network is trained with L1-regularization to promote sparsity
between the weights. During the incremental procedure for new tasks, a new
output for the new task is attached to the model while the old output layer is
stored aside. All the layers before the output layer of the network are frozen.
The network is trained through the new data to find all weights affected by
the new tasks using a breadth-first search starting from the last layer up top
the input layer. The selected weights update during the partial training of the
network.
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• Dynamic network expansion: If the selective retraining procedure is not suf-
ficient for the new task, then the network is allowed to expand by adding a
certain amount of neurons to each layer decided by the limits set by the user.
The network can drop some of the added neurons based on how much was
necessary.

• Network split/duplication: Some of the network’s neurons are essential for the
new and old task and require a significant update to the neurons during incre-
mental classification learning. The network will split/duplicate the neurons for
the new and old tasks to update the neurons without affecting the old task.

2.9 Similarity Learning
Similarity learning is an area of supervised learning focused on learning how similar
two or more objects are related to one another. Siamese networks are a class of
neural network architecture that contains two or more identical subnetworks. The
subnetworks have identical configurations with the same parameters and weights.
Siamese networks are commonly used to find similarities between images [38], [39].
Since the research focuses on catastrophic forgetting in similarity learning methods,
we consider four prominent loss functions:

2.9.1 Triplet Loss
Triplet loss by Wang et al. [38], [40] has been shown to learn good feature repre-
sentations for determining image and video similarity [41]. The triplet comprises
an anchor ground truth image, a positive image and a negative image. The positive
image belongs to the same identity as ground truth, and a negative image is selected
from an identity that differs from the anchor. The loss is given as:

L = max(d(a, p)− d(a, n) + margin, 0) , (2.5)

where d is euclidean distance, a is the anchor ground truth image, p is the posi-
tive image, n is the negative image. The margin is a radius around the anchor and
determines the degree to which the negative image is pushed away. The function op-
timizes the distance between the anchor-positive and anchor-negative simultaneously
by bringing the positive pair closer and pushing the negative pairs apart.

2.9.2 Contrastive Loss
Contrastive loss finds optimal features by using pairs of positive and negative non-
matching pairs of images. The function is given as:

L =
1
2
(1 − Y)(d(ỹi, ỹj))

2 +
1
2
(Y){max(0, margin − d(ỹi, ỹj))}2 , (2.6)

where Y is the label 0 or 1 and is 0 if the input pair are from the same class and 1
otherwise. d(ỹi, ỹj) is the Euclidean distance between the output feature representa-
tions of the network for the pair of images. The loss function differs from triplet loss
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in that it tries to minimize the distance between positive pairs and maximize negative
pairs in separate steps.

2.9.3 Angular Loss
Wang et al. [42] aimed to overcome some of the challenges with triplet loss. These
problems include the infeasibility of exhaustive sampling and the use of a single
global margin m. Angular loss tries to address these by constraining the angle of the
triangle between the triplets. The resulting rotation and scale invariance make the
loss function more robust to significant variations in features. The angular loss of a
batch B of size N is defined as:

lang(B) =
1
N ∑

xa∈B
{log[1 + ∑

xn∈B
yn ̸=ya,yp

exp( fa,p,n)]} ,
(2.7)

where xa is the anchor image. xn is a negative image (different class from anchor).
Function f is defined as

fa,p,n = 4 tan2 α(xa + xp)
Txn − 2(1 + tan2 α)xT

a xp, (2.8)

where xp is a positive image (same class as anchor image). α is the degree of the
angle. yn is the class label of the negative image. ya is the class label of the anchor
image. yp is the class label of the positive image.

2.9.4 Center loss
Wen et al. [43] try to enhance the discriminative power of learned features specifi-
cally for facial recognition. The loss function learns a center for features of unique
classes. It simultaneously penalizes the distances between the features of the im-
ages and their corresponding class centers that maximize inter-class separation and
intra-class compactness. Center loss cannot be used directly as a loss function and is
therefore paired with softmax as defined by:

Ls + c = −
m

∑
i=1

log
eWT

yi
xi+byi

∑n
j=1 eWT

j xi+bj
+

λ

2

m

∑
i=1

∥xi − cyi∥
2
2, (2.9)

where Ls + c denotes the loss comprising of both softmax and center loss. The left
term is the formula for softmax function. The right term is the formula for center
loss. xi denotes the features from the network. cyi denotes the center value for class
yi. λ is a scalar that is the importance of weighting between the two losses. In the
paper, a scalar value, α, that controlled the learning rate of the centers.
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2.10 Conclusion
In this section, we have outlined the problem of catastrophic forgetting during incre-
mental learning in neural networks. We have also covered the various previous re-
search that looked into overcoming catastrophic forgetting in classification networks.
While these approaches have demonstrated good results in overcoming catastrophic
forgetting in classification, no such research has been done to investigate the effect
of catastrophic forgetting in similarity learning. Thus our research aims to fill the
gap and investigate incremental similarity learning with deep convolution neural net-
works and deep neural networks (CNNs and DNNs). Incremental similarity learning
will enable the networks to incrementally learn new knowledge without the need to
be retrained on the entire dataset. The goal is for the similarity learning networks to
continue to perform well in old classes and continuously improve while learning new
knowledge.

2.11 Outline
This section has covered the related research to catastrophic forgetting and incre-
mental learning for convolutional neural networks. Next, we cover how we take
inspiration from the previous studies to construct our novel approach to incremental
similarity learning and illustrate how the approach works.
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Chapter 3

FullVAE and ConVAEr

3.1 Introduction
The previous section covered some research done on incremental learning and the
methods to overcome catastrophic forgetting while performing incremental learning.
The following section presents details of our novel approach to incremental similarity
learning known as FullVAE and ConVAEr. We took inspiration from previous related
research and constructed a framework for incremental similarity learning that can use
any CNN architecture.

3.2 Autoencoders

3.2.1 Vanilla Autoencoders
Autoencoders (AEs) are a class of neural networks that aim to compress the input
into a latent representation. AEs can also reconstruct the input from the latent repre-
sentation first introduced by Hinton et al. [44]. Autoencoders consists primarily of
two parts: the encoder and the decoder. The encoder is responsible for compressing
the original input, such as an image, into a latent representation that is commonly a
much lower dimension than the input. The decoder is responsible for taking in the
latent representation and reconstructing the original input. The encoder and decoder
are trained together.

3.2.2 Variational Autoencoders
Variational Autoencoders (VAEs) is an alternative improvement on autoencoders.
Aside from the ability to reconstruct the original input from the latent representation.
We can also generate new data that are related to the input data. The VAEs assume
that the input data is from a parameterized distribution and find the parameters for the
distribution. For example, in the case of the Gaussian distribution, the VAE tries to
find the mean and variance parameters for the Gaussian distribution. We can generate
outputs from VAE by sampling random latent representations from a standard normal
distribution and inputting it into the decoder. A tutorial on VAEs can be found in the
study by Carl [45] that gives additional detail on how VAEs work.
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3.3 Overview of Our Approach
Thus, with the understanding of how VAEs work, we formulate our FullVAE and
ConVAEr approaches. Rannen et al. constrain the weights of the feature extraction
layers (convolutions) that were optimal for previous tasks with an autoencoder. The
solution is effective when reusing the feature extraction layers (convolutions) on new
tasks. Each task is tested independently from the others with its classification layer.
The approach yields promising results by finding a middle-ground across tasks.

The iCaRL method by Rebuffi et al. largely depends on the storage and usage
of exemplars. As reported, the performance of iCaRL decreases with time as the
number of exemplars per class is reduced to accommodate new classes. Eventually,
the stored exemplars may not be sufficient to represent all classes.

We propose a novel approach that brings together ideas from Rannen et al. [12]
and Rebuffi et al. [11]. Before each incremental learning step, we train a new vari-
ational autoencoder (VAE) for the new class. The VAEs learn representations at the
end of the convolutional layers. VAEs allow us to sample previously seen classes
as an output from the convolutional or fully connected layers instead of reconstruct-
ing the images from each class. A complete CNN approach using images is more
computationally expensive and requires more complex VAEs but is not infeasible.

However, the distillation loss presented and used by iCaRL and EBLL is a mod-
ification of cross entropy [35] that is not suitable for similarity learning. Instead, we
used a different form of distillation loss more suitable to similarity learning. Further-
more, the research by Park et al. [46] introduces different types of distillation loss
that we can use for similarity learning. Therefore, we use the angle-wise distillation
loss to preserve the relationship between exemplars while incrementally learning.
The angle-wise distillation loss is defined as:

LA(Xs, Xt) = ∑
si,sj,sk∈Xs
ti,tj,tk∈Xt

ℓh(VA(ti, tj, tk), VA(si, sj, sk)), (3.1)

where Xs is network outputs for a given batch of images from the student network
(model that is being updated). Xt is network outputs for a given batch of images
from teacher network (model that is trained and frozen). The ti, tj, tk is the triplets of
image representations formed from Xt and si, sj, sk is the triplets of image represen-
tations formed from Xs. The loss penalizes the angular differences between the two
networks. An angle is a higher-order property than a distance which may be able to
transfer relational knowledge better.

With reference to the Figures 3.1 and 3.2 that shows the setup of FullVAE and
ConVAEr methods respectively. Our method requires that the convolutional layers
be frozen after initial training. Alternatively, pre-trained frozen convolutional layers
from a base model can be used. The convolutional layers are frozen since the recon-
structions from the VAEs will not match if the weights in the convolutional layers
change. We first create a frozen copy of the complete network at the start of each
incremental learning step denoted as the teacher network, to calculate the distilla-
tion loss to regularize the update. The trainable network at the current incremental
learning step is denoted as the student network. Then, the VAEs generate samples
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from previously seen classes combined with the new classes to perform incremen-
tal similarity learning on the student network. The autoencoder’s reconstruction loss
function varies depending on the network’s last convolutional layer’s activation func-
tion. For example, in our case, the last convolutional layers use sigmoid activation.
Therefore we used the Binary Cross-Entropy objective function to calculate the re-
construction errors VAEs summed with the Kullback-Leibler divergence. The loss
function to update the VAEs is as:

LVAE = − 1
N

N

∑
i=1

yi · log(p(yi)) + (1 − yi) · log(1 − p(yi))

+
1
2
(exp(σ2) + µ2 − 1 − σ2) ,

(3.2)

where σ2 is the variance of the full dataset and µ is the mean. N is the total number
of values in the output vector of the network. yi is ith the value of the output vector.
p(yi) represents the probability of yi. The first term is the Binary Cross-Entropy
reconstruction loss and the second term is the Kullback–Leibler divergence. Binary
Cross-Entropy reconstruction loss is used for the case whereby the input data and
output of the network is in the range of 0 and 1. In the case whereby the inputs are
not between 0 and 1, typically mean square error or cross-entropy is used.

We further make use of the angle-wise distillation loss in Equation 3.1 on the
generated examples from the VAEs. We only use angle-wise distillation when updat-
ing the network during incremental learning similar to the approach by iCaRL [11]
and EBLL [12].

Our incremental learning setup makes use of the following loss function during
the incremental step defined as:

Lincremental =
1
N

N

∑
i=1

ℓsimilarity learning(xall
s,i , yall

i ) + λour · LA(xVAE
s,i , xVAE

t,i ) , (3.3)

where ℓsimilarity learning are the contrastive, angular and, triplet loss functions, we state
below. LA is the angle-wise distillation for similarity learning in Equation 3.1. N
refers to the total number of training batches. xall

s,i is the output of the student network
for both the real images and the VAE samples and their respective labels yall

i for
ith batch. xVAE

s,i represents the student network outputs for the VAE samples for ith

batch. xVAE
t,i represents the teacher network outputs for the VAE samples for ith batch.

LA(xVAE
s,i , xVAE

t,i ) represents the angle-wise distillation loss between the student and
teacher network. λour is the importance placed on the angle-wise distillation loss
shown in Equation 3.1. The student network refers to the network being trained
during the current incremental step. The teacher network refers to the frozen copy of
the optimal network at the start of each incremental learning step.

We made use of a different distillation loss for center loss that has been presented
in research by Li et al. [47] and is defined as:

LD(to, so) = −
l

∑
i=1

t
′(i)
o log

(
s
′(i)
o

)
, (3.4)
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where l is the number of labels, t
′(i)
o and s

′(i)
o are the modified versions of the teacher

model outputs and the current student model outputs t(i)o , s(i)o .

t
′(i)
o =

(
t(i)o

)(1/T)

∑j

(
t(j)
o

)(1/T)
, s

′(i)
o =

(
s(i)o

)(1/T)

∑j

(
s(j)

o

)(1/T)
, (3.5)

where T is the temperature and higher value of T increases the weight of smaller
logit values and encourages the network to better encode similarities among classes
as discussed by Li et al. [47]. We use T=2 for our experiments.

The modified loss function during the incremental step for center loss is defined
as:

Lincremental =
1
N

N

∑
i=1

lsimilarity learning

(
xall

i , yall
i

)
+ λour · LD

(
xVAE

s,i , xVAE
t,i

)
, (3.6)

where LD is defined above, xVAE
s,i and xVAE

t,i now represents output for the VAE sam-
ples from the classification layer of student network and teacher network respectively
(We can see the classification layer for center loss in our architectures shown in Fig-
ure 4.1 and 4.2) because center loss uses softmax as shown in Equation 2.9, and the
rest remains the same.

3.3.1 FullVAE
Figure 3.1 shows a high-level diagram depicting our FullVAE approach. FullVAE
uses the VAEs that we discussed earlier to generate image representations just before
the fully connected layers. The fully connected layer weights are trainable in the
incremental step while the feature extractor (convolutional layers) are frozen. We
pass the new images from new classes in the incremental learning step through the
feature extractors to get image representations for the new images. Then we generate
image representations from previously seen classes with the VAEs and concatenate
them together to pass them through the fully connected layers. We regularized the
network update using the angle-wise distillation loss as shown on Equation 3.3. After
each incremental learning step, we train additional VAEs for the new classes using
Equation 3.2. Note that the network only has one output layer for all the classes
because it is similarity learning. The network outputs a representation for each input
image to calculate angle-wise distillation loss between the images. The distillation
loss is only used on images from old classes seen in the previous incremental learning
step. In our approach, the image representations are generated with the VAEs to
regularize the network update.

3.3.2 ConVAEr
Figure 3.2 shows a high-level diagram depicting our ConVAEr approach. ConVAEr
is an extension to FullVAE. The difference is that we use the VAEs to generate repre-
sentations from before an unlocked convolutional layer. We allow one convolutional
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FIGURE 3.1: A diagram demonstrating how our FullVAE approach
works. Feature extractor represents the convolutions layers of our net-
work shown in Figure 4.1. After initially training on base-training set,
the feature extractor is frozen so that the VAEs would generate useful
representations on how the convolutional layers view each class after

passed through [2].
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FIGURE 3.2: A diagram demonstrating how our ConvVAEr approach
works. The feature extractor is the convolutions layers of our VGG11
network. After initial training on the base-training set the feature ex-

tractor is frozen except the last set of convolutional layers.
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layer to be trainable. We want to see if we can learn new classes better with the con-
volutional layer over fully connected layers. Convolutional layers are generally better
at capturing good features for images than fully connected layers. The unlocked con-
volutional and fully connected layers weights are trainable in the incremental step.
The feature extractor (convolutional layers) are frozen. The unlocked convolutional
layer can update to better capture features that distinguish new classes from the pre-
viously learned classes. We pass the new images from new classes in the incremental
learning step through the feature extractors to get image representations for the new
images. Then we generate image representations from previously seen classes with
the VAEs and concatenate them together to pass them through the fully connected
layers. We regularized the network update using the angle-wise distillation loss as
shown on Equation 3.3. After each incremental learning step, we train additional
VAEs for the new classes using Equation 3.2. Note that the network only has one
output layer for all the classes because it is similarity learning. The network outputs
a representation for each input image to calculate angle-wise distillation loss between
the images. The distillation loss is only used on images from old classes seen in the
previous incremental learning step. In our approach, the image representations are
generated with the VAEs to regularize the network update.

3.4 Conclusion
This section provided details and high-level diagrams depicting how our FullVAE
and ConVAEr approach works. The approach was designed for incremental similar-
ity learning, taking inspiration from previous research on incremental learning. We
cover the methodology of our experiments in the next section to provide details on
the experiment setup and all the instruments we need.
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Chapter 4

Research Methodology

4.1 Introduction
This section covers the research design and methodology for our experiments and
testing to achieve our aims and objectives. The methodology covers the following
contents: the research instruments, modifications needed for the existing methods to
work for incremental similarity, datasets, experiment setups, and test metrics we use
to measure performance.

4.2 Research Design
We are undertaking experimental research. Experimental research is a study that
strictly follows along with scientific research design. It includes a hypothesis, vari-
ables that we can manipulate. The variables can be measured, calculated, and com-
pared in a controlled environment. Our research determines if the application of
incremental learning techniques to siamese networks help alleviate catastrophic for-
getting during incremental learning. We implement and adapt siamese networks with
the following incremental learning techniques to similarity learning instead of clas-
sification: EWC, rehearsal based technique iCaRL, Encode-based Lifelong learning,
and finally, our unique approach that takes inspiration from knowledge from the pre-
vious literature. We use the techniques for incremental similarity training to learn
new classes incrementally. We measure and compare the performances of the four
methods against one another to see how well they reduce catastrophic forgetting and
whether our novel approach outperform existing methods.

4.3 Method

4.3.1 Research Instruments
• CUB200 dataset [22] and CARS196 [23] dataset.

• MNIST [18], FashionMNIST [19], EMNIST [20], and CIFAR10 [21] datasets.

• Python 3.6 programming language to implement the coding for the study. Py-
torch and Tensorflow library for Python is used for forwarding training and
backpropagation of the siamese networks.

• Pytorch Metric Learning library [48].
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• Scikit learn Python library [49].

• Steps to building the VGG11 and Resnet9 network architecture.

• Weight consolidation algorithm for controlled parameter updates such as the
Elastic Weight Consolidation (EWC) algorithm [13]. Algorithm for rehearsal
incremental-learning techniques iCaRL [11], and Encoder-based lifelong Learn-
ing [12] algorithm to which we can adapt to similarity learning.

• Angle-wise distillation loss and classification distillation loss algorithm for
regularization.

• Similarity learning test metric 4.6 and incremental learning test metrics [24].

4.3.2 Modifications of the Existing Methods
The EWC, EBLL and iCaRL methods we discussed in Chapter 2 were initially de-
signed for incremental classification learning. Therefore, we need to make modifica-
tions to make the methods suitable for incremental similarity learning. We cover the
required changes for each of the approaches.

4.3.2.1 EWC

We computed the Fisher information matrix different for similarity learning because
similarity does not make use of likelihood probabilities, like classification. Instead,
we computed the Fisher Information Matrix using the gradient of the calculated loss
of respective similarity loss functions as shown in Section 2.9. Therefore the Fisher
Information Matrix is calculated as:

F =
1
N

N

∑
i
∇θ L(bi|θ)∇θ L(bi|θ)T , (4.1)

where N is the number of training batches, bi represents the ith training batch, and θ is
the network parameters .∇θ L(bi|θ) represents the gradient computed using Pytorch
or Tensorflow by backpropagating the loss computed using the training batch bi with
respect to the network parameters, θ. After computing the Fisher Information Matrix,
the loss to update the network is:

L = ℓsimilarity learning + ∑
i

λewc

2
Fi(θt,i − θ∗t−1,i)

2 , (4.2)

where ℓsimilarity learning is the loss four loss functions defined in Section 2.9. Fi is
the Fisher Information Matrix computed using Equation 4.1. λewc is the importance
of the new and old knowledge. θt−1, i is the network parameters from the previous
incremental training step. θt,i is the trainable parameters from the current training
step.
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4.3.2.2 EBLL

EBLL approach was initially designed for incremental classification learning and
therefore, we have to modify how the EBLL works for incremental similarity learn-
ing. Previously the authors used EBLL for incrementally learning new tasks [12] but
in our case we are incrementally learning new classes. Therefore we need modifica-
tions for the EBLL to suit our purpose of incremental similarity learning. Firstly, the
incremental learning update for the encoders has to be modified to suit our purpose.
Therefore, we have formulated a modified loss function. The loss for optimizing the
autoencoder for similarity learning is:

Lae = λae ·
∣∣∣∣∣∣r (F∗

(
X(T)

i

))
− F∗

(
X(T)

i

)∣∣∣∣∣∣2
2
+ ℓsimilarity learning

(
X(T)

i , Y(T)
i

)
,

(4.3)
where Lae is the total loss of the autoencoder. Let∣∣∣∣∣∣r (F∗

(
X(T)

i

))
− F∗

(
X(T)

i

)∣∣∣∣∣∣2
2

,

be the reconstruction mean square error loss. With XT
i representing the input image

batch, Y(T)
i represents the labels for the image batch. F∗

(
X(T)

i

)
represents the

optimal feature extractor output for image X , and ℓsimilarity learning is the respective
similarity learning loss functions we would be using as shown in Section 2.9, and λ
is the importance we put on the reconstruction loss as stated in the paper by Rannen
et al. [12]. We use the optimized feature extractor layers before each incremental
learning step to train the autoencoders using Equation 4.3.

Furthermore, similarity learning does not use a classification layer but rather a
shared output layer. Therefore, we do not need to add additional output neurons to the
output layer. Distillation loss is different for similarity because we are not performing
classification; the distillation loss from Hinton et al. [35] does not suit our purpose.
Instead, we used angle-wise distillation as shown in Equation 3.1. We do not have
different task-specific operators for different tasks because we are not learning tasks
incrementally but rather classes. We only have one shared output layer because it
is similarity learning. Therefore, we do not use the sum of all distillation loss like
previously shown in Equation 2.3. However, we are still using all autoencoders to
perform the update. Hence the modified EBLL loss for similarity learning is:

L =
1
N

N

∑
i=1

(
ℓsimilarity learning

(
X(T)

i , Y(T)
i

)
+ ℓA

(
T ◦ T ◦ F

(
X(T)

i

)
, T∗ ◦ T∗ ◦ F∗

(
X(T)

i

))
+

T−1

∑
t=1

αt

2

∣∣∣∣∣∣σ (Wenc,tF
(

X(T)
i

))
− σ

(
Wenc,tF∗

(
X(T)

i

))∣∣∣∣∣∣2
2

)
,

(4.4)

where N is the number of training batches in the each incremental step. We do
not have separate task specific operators for similarity learning therefore T ◦ T ◦ F
represents the full network updated at each incremental step. X(T)

i represents the ith
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train batch in the Tth incremental step with the batch labels YT
i . The similarity loss:

ℓsimilarity learning

(
X(T)

i , Y(T)
i

)
,

for the training image batch Xi with batch labels Yi using the different loss functions
from Section 2.9. The angle-wise distillation loss:

ℓA

(
T ◦ T ◦ F

(
X(T)

i

)
, T∗ ◦ T∗ ◦ F∗

(
X(T)

i

))
,

between the student and teacher network uses Equation 3.1. In the case of center loss,
the distillation loss used is shown by Equation 3.4. T ◦ T ◦ F(X(T)

i ) represents the

output of the network currently being trained (student network) for image batch X(T)
i .

T∗ ◦T∗ ◦ F∗(X(T)
i ) represents the output of the frozen copy of optimal network made

before each incremental train step (teacher network) for image batch X(T)
i . Wenc,t

represents the encoding portion of the autoencoders up to the bottleneck layer for tth

incremental step. F
(

X(T)
i

)
is the feature extractor outputs for the image X(T)

i from

the student network. F∗
(

X(T)
i

)
is the feature extractor outputs for the image X(T)

i
from the teacher network.

T−1

∑
t=1

αt

2

∣∣∣∣∣∣σ (Wenc,tF
(

X(T)
i

))
− σ

(
Wenc,tF∗

(
X(T)

i

))∣∣∣∣∣∣2
2

,

represents the sum of the mean square error of the encoded outputs between the
teacher and student feature extractor given the image XT

i . αt is the importance we
put on the encoded loss. In our experiments we set αt to be always 2.

4.3.2.3 iCaRL

We implemented the exemplar herding algorithm as shown in the iCaRL paper to
retain exemplars. The main point of iCaRL is keeping some exemplars of previously
learned classes for each incremental step. iCaRL is designed to be used with a clas-
sification network that uses cross-entropy, so for similarity, we made use of the four
similarity loss functions shown in Section 2.9 instead. The distillation loss presented
and used by iCaRL is a modification of cross entropy [35] that is not suitable for
similarity learning. We use a different form of distillation loss more suitable to simi-
larity learning as shown in Equation 3.1. The distillation loss is only used on images
from old classes seen in the previous incremental learning step. A frozen copy of
the network is made before each incremental learning step is denoted as the teacher
network. In contrast, the trainable network is the student network for the current
incremental step. In this case of iCaRL, the exemplars passed through the network
during the incremental learning step to constrain the update. The loss for iCaRL
approach to update the trainable network during the incremental steps is:

LiCaRL =
1
N

N

∑
i=1

(
ℓsimilarity learning

(
xall

s,i , yall
i

)
+ λiCarL · LA

(
xExemplars

s,i , xExemplars
t,i

))
,

(4.5)
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where ℓsimilarity learning are the contrastive, angular, center and triplet loss functions.
LA is the angle-wise distillation for similarity learning in Equation 3.1. In the case
of center loss, the distillation loss used is shown by Equation 3.4. N is the total
number of training batches. xall

s,i represents the student network outputs for both the
new images and the exemplar images in ith training batch. λiCarL is the importance
placed on the distillation loss. xExemplars

s,i and xExemplars
t,i are the student and teacher

network outputs for only the exemplars that are in the ith training batch so we can
calculate distillation loss between the student and teacher outputs.

4.3.3 Datasets

4.3.3.1 Motivating Datasets

To analyze the impact of catastrophic forgetting in incremental similarity learning
and to motivate the purpose of our study, all methods are subjected to incremental
learning scenarios on well-known datasets. The datasets used are MNIST, EMNIST,
FashionMNIST, and CIFAR10. MNIST is handwritten digits [18]. EMNIST is up-
per and lower case letters from the English alphabet [20]. We regard the upper/lower
cases as coming from the same class to increase the difficulty. Fashion-MNIST ob-
tained images of clothes and shoes from Zalando’s articles [19]. CIFAR10 is a low-
resolution objects [21]. The MNIST classes are unbalanced, but the sample sizes for
each class are very similar. For all other datasets, the classes are balanced.

4.3.3.2 Primary Datasets

We subjected the two best methods to incremental similarity learning scenarios on
well-known datasets to evaluate the real-world impact of catastrophic forgetting for
similarity learning. The datasets utilised are CUB200 [22] and Cars196 [23] . The
CUB200 and CARS196 are widely used for classification [50] and similarity learning
[51] and are suitable for incremental similarity learning. Ordinarily, the first half of
the classes are used to train the network, while the second half is utilized for testing.

4.3.4 Experimental Setup

4.3.4.1 Preprocessing

Preprocessing done on the MNIST and EMNIST dataset comprised normalizing the
pixel values with the mean and standard deviation [0.1307, 0.3801]. For Fashion-
MNIST, we normalize the pixel values with mean and standard deviation [0.2860,
0.3530]. On CIFAR10, the pixels were normalized with the mean and standard devi-
ation [(0.4914, 0.4822, 0.4465), (0.2023, 0.1994, 0.2010)]. Additionally, padding of
size 4 and data augmentation through horizontal flipping during training was used.
The padding and augmentation are used to overcome the dataset’s toughness and,
in so doing, obtain sufficient performance to demonstrate the effects of catastrophic
forgetting. Pre-processing done on the CUB200 and CARS196 datasets included nor-
malizing the pixel values with mean and standard deviation [(0.485, 0.456, 0.406),
(0.229, 0.224, 0.225)]. Additionally, padding of size 4 and data augmentation by
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horizontal flipping when training was used. The additional padding and augmenta-
tion are used to overcome the dataset’s complexity and, in so doing, obtain sufficient
performance to demonstrate the negative effects of catastrophic forgetting.

4.3.4.2 Training Sample Mining

Training Pairs and Triplets were generated online. Triplets were mined employing
semi-hard negative mining on positive and negative image pairs. To create pairs of
images for contrastive loss, we performed pair margin mining. An angular miner
was used to generate triplets for angular loss that are of an angle greater than α.
All mining was performed using the Pytorch Metric Learning library [48] with the
hyper-parameters specified in Section 4.3.4.3.

4.3.4.3 Hyper-parameters

The positive and negative margins for contrastive loss were [0, 0.3841] for CUB200
and [0.2652, 0.5409] for CARS196. These margins were obtained from Musgrave et
al. [51]. For triplet loss, the margin for CUB200 and CARS196 were [0.0961, 0.1190],
respectively. The hyper-parameters [λ, α] for centre loss were [1.0, 0.5] respectively
previously shown to have excellent outcomes for class separation [42].

The angle, α, for the angular loss in our implementation was 45◦ previously found
as optimal for object detection [42] for MNIST and EMNIST datasets. An angle
of [35, 40] was used for CIFAR10 and FashionMNIST, obtained by grid-search on
a range between 30 and 50 in steps of 5. The margin for contrastive and triplet
loss functions were 1.0 and 1.25, respectively. The margin was determined through
grid-search on the range 0.25 to 2.0 in steps of 0.25. All grid searches were done
using the validation set from FashionMNIST, MNIST, and EMNIST. The margins
for contrastive (0.3841) and triplet (0.0961) loss for CIFAR10 were adapted from
Musgrave [51] who used these for CUB200. CUB200 is similar to the CIFAR10
dataset in terms of complexity. We used an importance value of 150 for λewc across
all the experiments for EWC. We weighted the similarity learning loss and distillation
loss equally for iCaRL and our approach by setting λiCaRL and λour to 1.0 . We set
λae to 1.0 when training the autoencoders for EBLL.

4.3.4.4 Exemplars for iCaRL

Rebuffi et al. [11], used 2000 exemplars for CIFAR100, which results in an average
ratio of 20 images per class. Therefore in our experiments, we limited the total
number of exemplars for MNIST, FashionMNIST, and CIFAR10 to 200 exemplars.
For EMNIST, we limited the number of exemplars to 520 for the 26 classes.

There is a limited number of images per class for CUB200 and CARS196 (60
or fewer images per class), which is substantially less than CIFAR100. Therefore,
we allow iCaRL to retain 480 exemplars from both datasets’ during training. The
retained exemplars roughly account for 5% and 6% of the total training images from
160 classes for CARS196 and CUB200. This percentage of retained exemplars is
initially equivalent to 9% of the images per class and slowly decreases as additional
classes are incrementally learned until the 5/6 % is reached.
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FIGURE 4.1: Architecture of our convolution neural network. The
yellow layers represents the convolution, the orange represents the
pooling layers, and the purple are fully connected layers. The K refers
to the number of classes in the data. Note that the softmax fully con-
nected layer is only used for Center Loss. For the rest of the loss

functions, we only use the network up to fc3.
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FIGURE 4.2: Convolution neural network Architecture. Yellow rep-
resents the convolution layers, orange the pooling layers, and purple
the fully connected layers. K is the number of classes. The softmax
fully connected layer is only used for Center Loss. For the other loss

functions, we use the network up to fc3.

4.3.5 Architecture of the CNNs and VAEs

4.3.5.1 Architecture for Motivating Datasets

Our simple convolutional neural network, as shown in Figure 4.1, made use of three
2D convolutional layers with max-pooling layer between each of them. We add a
flatten layer at the end of the last max-pooling layer. Finally, we added three linear
layers to the network. Every layer is ReLU activated beside the output layer, which
is linearly activated. The output layer is of size 128. We have ensured that the simple
network performed reasonably well on MNIST, FMNIST, EMNIST, and CIFAR10 to
observe the effect of catastrophic forgetting. For our FullVAE method, we used the
sigmoid activation function for the last 2D convolutional layer instead of ReLU. The
process allows binary cross-entropy as our reconstruction loss for our VAEs. Our
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VAE architecture consisted of an input layer of size 512 (same size as out after the
convolution layers), followed by 256, 128, and 128 for the bottleneck. Then these
layers are reconstructed symmetrically in reverse. All kernels for the convolution
layers are of size (3, 3).

4.3.5.2 Architecture for Primary Datasets

For the experiments with the primary datasets, we utilized a VGG-11 backbone deep
neural network architecture as show in Figure 4.2. After the convolution layers,
the first fully connected layer were changed from the original 4096 to 512 size, the
output layer was modified to 128 for similarity learning purposes. Thus, the network
serves as an example of a commonly employed deep neural network architecture to
assess the real-world performances of the respective methods more accurately. For
our FullVAE approach, our VAE architectures consisted of an input layer of size 512
(same size as out after the convolution layers), followed by 256, 128, and 128 for the
bottleneck. Then these layers are reconstructed symmetrically in reverse. For our
ConVAEr approach, our VAE architecture consisted of a 2D Convolution layer with
512 input channels, 2D Convolution with 32 input channels, 2D Convolution with
16 input channels, and finally a bottleneck linear layer of input size 1600 and 256
output. These layers are reconstructed symmetrically in reverse so they can perform
reconstructions with deConvolutional layers. All kernels for the deConvolution and
convolution layers are (3, 3) size.

4.3.6 Training and Testing

4.3.6.1 Setup on Motivating Datasets

The section covers the training setup we have used for MNIST, FMNIST, EMNIST,
and CIFAR10 on the simple CNN shown in Figure 4.1 and Resnet9 architecture. We
used a minor variation of the training procedure for incremental learning to that of
Kemker et al. [24]. We start with half (5) of the classes from each dataset: MNIST,
Fashion-MNIST, and CIFAR10. For EMNIST, half of the classes is 13. Subsequent
training contains data from a single new unseen class. A high-level overview of the
steps, followed, are:

1. The motivating datasets already provide testing data separate from the training
data. We take all the classes in the training data and split them into two sets of
classes. A baseline-set and an incremental-set of classes.

2. I split the samples in the baseline-set into base-training and base-validation
data sets (80/20).

3. I split the samples in the incremental-set into inc-training and inc-validation
data sets (80/20).

4. To get our base-test and inc-test data sets, we extract the images from the
testing data belonging to two sets of classes (base-training set and inc-training
sets).
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5. I use the base-training and base-validation set to train our initial base models
for incremental learning.

6. I take one unseen class from our incremental set of classes and the last seen
class from the previous incremental learning step to supplement the unseen
class.

7. I retrain our base model with the inc-training data set for the unseen class and
the last seen class.

8. I use the base-test data set from our baseline set to record the mAP@R (mean
Average Precision at R) after each step. We use the inc-test to record mAP@R
for Ωnew after each step. I use base-test plus inc-test to record mAP@R for
Ωall after each step. Each of the equations is present in Equations 4.7.

9. We repeat from step 6 until all of the incremental sets’ classes are exhausted.

Since similarity learning loss functions require at least two classes, we take the
last seen class from the previous training step to pair with the new class. All the mod-
els were trained for a maximum of 50 epochs. The best models were selected using
early stopping on the validation set. The Adam optimizer was used with a learning
rate of 0.001, β1 value of 0.9, and β2 value of 0.999. For the FullVAE method, we
trained one VAE for each class that the network has seen for each incremental train
step. The same Adam optimizer setup was used for training the VAEs. The EBLL
method consisted of training one autoencoder after each incremental class learning
step using the same Adam optimizer setup specified above.

We randomly split the data into two sets of classes consisting of baseline set and
incremental set. We can get an average result for different combinations of class
splits of incremental learning by doing this. Then, we repeat the experiment ten
times for each incremental learning method model on each dataset (total: 800) using
randomly seeded baseline and incremental splits as previously specified to get av-
erage performance for each method on each dataset. We use the same training and
validation splits to save the best models for each method to keep results consistent.
In addition, the base-test and inc-test sets splits are the same for each incremental
learning method to keep results consistent.

The models’ output is a feature representation of size 128 per image evaluated
using mean Average Precision at R (mAP@R). Average precision at R (AP@R) is
calculated using a single query identity used to retrieve the top R related relevant
images from the database. The AP at R is given by:

AP@R =
1
R

R

∑
k=1

P@k × Rel@k, (4.6)

where R is the total number of images in the database that belong to the same class
as the query image. P@k refers to the precision at k and Rel@k is a relevance score
which equals 1 if the document at rank k is relevant and equals 0 otherwise. mAP is
the average of the AP over all possible image queries and k up to R.
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4.3.6.2 Setup on Primary Datasets

The section covers the training setup that we use for incremental similarity learning
on CUB200 and CARS196 on VGG11. We used a similar procedure for incremental
learning to that of Kemker et al. [24]. We start with 120 of the classes from each
of the datasets: CUB200 and CARS196. We decided to start with 120 of the classes
during our base-training is to start the network with moderately good base knowledge
before incremental learning. The process will allow us to observe the severity of
catastrophic forgetting on the base knowledge during the incremental learning steps.
Subsequent training contains data from a single new unseen class up to 160 classes.
A high-level overview of the steps, followed, are:

1. The primary datasets do not provide testing data separate from the training
data. We take all the classes and split them into two sets of classes. A baseline-
set and the incremental-set of classes.

2. I split the baseline-set into base-training and base-test data sets (80/20).

3. I split the incremental-set into inc-training and inc-test data set (70/30).

4. I use the base-training and train our initial base models for incremental learn-
ing.

5. I take one unseen class from our incremental set of classes and the last seen
class from the previous incremental learning step to supplement the unseen
class.

6. I retrain our base model with the inc-training data set for the unseen and last
seen class.

7. I use the base-test data set from our baseline set to record the mAP@R after
each step. We use base-test plus inc-test to record mAP@R for Ωall for all
classes seen so far after each step. I use the inc-test to record mAP@R for
Ωnew after each step. We use the unseen classes from 161 to 200 on CUB200
and 161 to 196 on CARS196 to record mAP@R for Ωunseen. Each of the
equations is presented in Equations 4.7 and 4.8.

8. I repeat from step 5 until all of the incremental sets’ classes are exhausted.

As with the training setup for motivating datasets in Section 4.3.6.1, we take the
last seen class from the previous training step to pair with an all-new class. The
Adam optimizer was used with a learning rate of 0.001 was used for base set train-
ing and a learning rate of 0.0001 for incrementally learning new classes, β1 value
of 0.9, and β2 value of 0.999. The Adam optimizer was used for iCaRL and Full-
VAE approaches. We use the SGD optimizer for ConvVAEr because it is better for
the method with the same learning rate as the Adam optimizer. For FullVAE and
ConVAEr, we trained one variational autoencoder for each class that the network has
seen for each incremental train step. The Adam optimizer was used for training the
VAEs for FullVAE and ConVAEr with a constant learning rate of 0.001. After train-
ing, we measure the mean average precision (mAP@R) on the new class to assess if
the models are still learning. All the models were trained for 200 epochs for the base
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set training and 100 epochs for inc-set training. Due to the limited training samples
in each class, we could not do early stopping with validation. However, we first ex-
perimented with validation during "dummy" training to check for the best average
epochs needed to reach decent performance before we started our experiments. We
settled on 200 and 100 epochs for the base set and inc-set training, respectively.

We randomly split the data into two groups of classes consisting of a baseline
set and an incremental set using three random seeds. We repeated and averaged the
performance over the three random seeds. Thus, each run consisted of the same
training and testing splits of the data to keep results consistent between all methods,
and we can average the performance.

The models’ output is a feature representation of size 128 per image evaluated
using mean Average Precision at R (mAP@R). Average precision at R (AP@R) is
calculated using a single query identity used to retrieve the top R related relevant
images from the database. The mAP at R is defined in the Equation 4.6.

4.3.7 Analysis
The test metrics we used are a minor variation to the incremental class evaluation
metrics of Kemker et al. [24] to support learning based on distance rather than clas-
sification. We measured performance (mAP@R) on the base-test set after learning
classes incrementally. We use mAP@R since, in similarity learning, the loss func-
tions we used do not make use of a classification layer, but instead, the networks
are used to retrieve all related images of a query. mAP@R is considered a superior
metric for similarity learning in this regard [51]. We tracked the model’s perfor-
mance on the new class to ensure that it was still learning. We measured how well
a model retains prior knowledge and learns new knowledge by measuring the mean
mAP@R performance on each class learned so far during each training session. We
used mAP shown in Equation 4.6 to measure the performance of our model instead
of the classification accuracy metric as our models learn based on distance.

The evaluation metrics used are modified to include mAP@R, versions of the
original metrics by Kemker et al. defined as:

Ωbase =
1

T − 1

T

∑
i=2

αbase,i

αideal

Ωnew =
1

T − 1

T

∑
i=2

αnew,i

Ωall =
1

T − 1

T

∑
i=2

αall,i

αideal

(4.7)

,where T is the total number of training sessions, αnew,i is the test mAP@R for ses-
sion i immediately after it is learned. αbase,i is the test mAP@R on the first session
(base-test set) after ith new sessions have been learned. αall,i is the test mAP@R of
all of the inc-test data and base-test set for the classes seen so far. αideal is the offline
model mAP on the base-test set, which is the ideal performance. Ωbase measures
a model’s retention of the base knowledge after sequential training sessions. Ωnew
measures the model’s performance on new classes. Ωall indicates how well a model



Chapter 4. Research Methodology 34

both retains prior knowledge and acquires new information (how well we retrieve
new learnt class among previously seen classes). Ωbase and Ωall are normalized with
αideal. The evaluation metrics are between [0,1] unless the results exceed the offline
model. The offline models are trained on all the data. mAP@R is evaluated by ex-
tracting a feature embedding of size 128 for every image. The images’ embeddings
are compared to all other embeddings and ranked in order of cosine similarity. Each
test image was treated as a query once while comparing it’s similarity to the remain-
ing images.

The training setup for primary datasets in Section 4.3.6.2 covered incremental learn-
ing up to 160 classes. However, CUB200 and CARS196 have a total of 200 and
196 classes, respectively. We have left out 40 classes from CUB200 and 36 classes
from CARS196. We use the remaining classes to observe if unseen classes perfor-
mance improves from incremental learning. We introduce a new metric to measure
improvement or decay on unseen classes performance and is defined as:

Ωunseen =
1

T − 1

T

∑
i=2

αunseen,i

αunseen_base
(4.8)

where T is the total number of training sessions, αunseen,i is the test mAP@R for the
unseen classes of the CUB200 and CARS196 datasets immediately after session i
has been learned. αunseen_base is the test mAP@R for the unseen classes after training
on the first session with the base-train set. Normalizing by αunseen_base helps us to
observe any performance gains or decay on the unseen classes due to incremental
learning steps over compared to just training on the base-train set of data. In the
case of this evaluation metric, if Ωunseen is below 1 it means there is decay in un-
seen classes performance when we incremental train for the respective methods. If
Ωunseen is above 1, it means we are improving unseen classes performances during
incremental learning.

4.3.8 Hardware and software
We used two machines. An Intel(R) Xeon(R) CPU E5-2683 processor and an In-
tel(R) Core(TM) i7-5820K, both have 32 GB of RAM, and a GTX 1080 TI 11GB
GPU. Both machines used Linux, Python 3.6, Pytorch 1.7.1 [52], Scikit-learn 0.23.2,
and Pytorch Metric Learning 0.9.97 [48].

4.4 Conclusion
In this section, we have covered the methodology and method we followed to conduct
our study. First, it outlines the various research instruments we need to implement the
incremental learning techniques to the siamese networks. Second, it consisted of the
algorithms, software, and datasets we implemented to answer our research questions.
Third, the methodology covered the structure of the output data that will produce by
the experiments. Finally, it covers how we interpret the output results using existing
information retrieval and catastrophic forgetting test metrics. The next section will
cover the results and discussions of our research experiments.
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Chapter 5

Results and Discussions

5.1 Evaluating Catastrophic Forgetting
The following section involves the investigation and discussion of how catastrophic
forgetting affects similarity learning. We first look into the extent of catastrophic for-
getting during incremental similarity learning without the aid of any learning tech-
niques. We investigated four well-known similarity learning loss functions: angular,
contrastive, triplet, and center-loss on the simple CNN shown in Figure 4.1. The
experiments followed the training setup on motivating datasets shown in Section
4.3.6.1.

5.1.1 Pair and Triplet Mining
In the following experiments, only semi-hard triplet mining was used for mining
triplets for training with triplet loss. Random positive and negative pairs were mined
for contrastive and angular loss. Center loss does not need mining techniques. Later
down in the results section, we show the importance of good pair and triplet mining
for all the other loss functions to reduce catastrophic forgetting.

5.1.2 Base and Overall Performance
Figure 5.1 shows to what extent catastrophic forgetting affects initial base knowledge
learned during incremental similarity learning. The offline ideal models are trained
with all available classes and tested on the base-test set to get the ideal mAP. We get
the random model performance by randomly initializing weights on the CNN and
measuring the mAP retrieval performance on the base-test set. We can observe that
most models drop below the random model’s performance after learning two to three
new classes due to forgetting. However, triplet loss is the exception, with mAP on
base set dropping much slower, not falling below random performance.

Figure 5.2 shows how well each loss functions retain previously and newly learnt
information by testing on the base-test set plus the inc-test sets from all the classes
learned. Random performance was obtained by testing the random model on entire
test set (base-test set and inc-test set combined). Ideal performance was obtained by
testing the offline ideal model on the entire test set.

The results further support the findings in Figure 5.1 that each similarity loss
function is affected differently by catastrophic forgetting. The angular loss was af-
fected the worst, and triplet loss was the affected least. We notice a steeper drop in
performance depending on the number of classes learned, as shown on the EMNIST
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FIGURE 5.1: Left to right, top to bottom: CIFAR10, Fashion-MNIST,
MNIST, EMNIST. Mean average precision on base-test set. The solid
lines indicate the incremental learning models. The dotted lines of the
same colour refer to the performance of the respective offline ideal

models [1]

dataset. The complexity of the dataset equally affects the steepness of the drop, as
seen in the CIFAR10 case.

Figure 5.1 and 5.2 illustrates the extent of catastrophic forgetting during incremental
learning using the four different loss functions without the aid of any incremental
learning techniques. All the loss functions drop to random performance during in-
cremental learning except for triplet loss. We also observe that how well the network
is able perform on the datasets affects how much prior knowledge is forgotten. The
least being MNIST, followed by FashionMNIST, EMNIST and finally CIFAR10.
The results in this experiment showed that triplet loss has the least amount of for-
getting compared to the rest of the loss functions given the current training setups.
We observe in later sections the importance of mining techniques and how it affects
forgetting.

5.2 FullVAE
This section covers the experiment results on the importance of mining techniques
for the different loss functions during incremental learning. We also cover the imple-
mentation of the four different incremental learning techniques consisting of EBLL,
EWC, iCaRL, and our FullVAE approach. Finally, we compared how they perform
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MNIST, EMNIST. Mean average precision on classes learned so far.
The mAP retrieval test was performed on the base-test plus inc-test
sets from all the classes learned. The solid lines indicate the incre-
mental learning models while the dotted lines of the same colour refer

to the respective offline ideal models [1].

against one another using the same training setup on motivating datasets in Section
4.3.6.1.

5.2.1 Importance of Mining Techniques
In the following experiments, we have implemented appropriate pair and triplet min-
ing for all the loss functions besides center loss that does not use any mining tech-
niques during training. We made use of pair margin mining for contrastive loss,
semi-hard mining for triplet loss, and finally, angular mining for angular loss.

Figure 5.3 shows to what extent catastrophic forgetting affects initial base knowl-
edge learned during incremental learning. The earlier results in Section 5.1 showed
that triplet loss is less affected by catastrophic forgetting when compared to other
similarity learning functions. However, there were no special mining techniques for
contrastive and angular loss in the earlier experiments. We introduced a pairwise and
angular miner for contrastive and angular loss in the current setup. With the correct
setup of pairs and triplets mining for the similarity learning functions, the results
show that the various methods suffer from catastrophic forgetting at approximately
the same rate. Figure 5.3 shows that centre loss is still the most impacted by catas-
trophic forgetting than the other similarity learning loss functions. The EMNIST



Chapter 5. Results and Discussions 38

results highlight the complete forgetting of base knowledge if there has been no ef-
fort to preserve knowledge over multiple steps of incremental class learning. The
results reinforce this research’s motivation. We note a steeper drop in performance
dependent on the number of classes previously learned, as shown for the EMNIST
dataset. The complexity of the dataset equally affects the drop’s steepness, as seen
in the CIFAR10 case. We see earlier and more severe catastrophic forgetting in more
complex datasets.
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5.2.2 Performance on Base Test Set
Figures 5.4, 5.5, 5.6, and 5.7 highlight how each of the methods implemented re-
duces catastrophic forgetting when learning classes incrementally by testing on a
base-test set after each new class is introduced. Offline models were trained on all
available classes and tested on the base-test set to get the ideal mAP@R shown by a
dotted line. The normal models are trained without the aid of any incremental learn-
ing techniques. In Figure 5.4 to 5.7, we observe that EWC and EBLL do not provide
many benefits for incremental class learning but still retain more initial knowledge
than incremental training normally would. We see that EWC was the least effec-
tive in retaining base knowledge across all datasets and loss functions. We note that
the EWC technique is still effective for a smaller number of incremental learning
steps. Alternatively, EBLL provided decent base knowledge retention without exem-
plars and suffered less from catastrophic forgetting over a more significant number
of incremental steps. The EMNIST results in Figure 5.4 also illustrate some of the
challenges associated with the iCaRL method’s retaining of exemplars. First, as
the number of exemplars from each previously seen classes decreases, the network
suffers from increased catastrophic forgetting. Secondly, variations of images are
essential and keeping only exemplars closest to the class’s mean does not represent
a class well. Finally, the effectiveness of the exemplars seems to depend on how
the mining and loss function work together. The figures show differences in rates of
forgetting between the loss functions with the same number of exemplars for iCaRL.

However, the overall best performers for gaining new knowledge and retaining
knowledge are iCaRL and FullVAE as supported by the plots and reinforced further
by the discussion around Table 5.1.

TABLE 5.1: Incremental class test’s mean average precision
(mAP@R) starting from the memorised Ωbase with the new classes
Ωnew added and the overall result Ωall . Bold is best method for Ω∗
per loss. Highlight is best method for Ω∗ per dataset.[2]. † indicates
that the best method is not significant at p < 0.05 using the student

t-test when compared to the second best method.

Normal EWC EBLL iCaRL FullVAE
Loss Dataset Ωbase Ωnew Ωall Ωbase Ωnew Ωall Ωbase Ωnew Ωall Ωbase Ωnew Ωall Ωbase Ωnew Ωall

Contrast’

CIFAR10 .33 .14 .20 .29 .16 .19 .38 .11 .21 .36 .22† .24 .44† .19 .31
MNIST .35 .58 .36 .39 .59 .37 .50 .47 .43 .80 .90 .91† .89 .86 .85
Fashion-M’ .51 .49 .36 .53 .45 .37 .57 .46 .37 .66 .84† .60 .76 .73 .61
EMNIST .17 .23 .15 .19 .23 .16 .26 .27 .22 .56 .55 .51 .74 .54 .69

Angular

CIFAR10 .31 .16 .22 .31 .11 .19 .36 .13 .23 .39 .20 .27 .40 .18 .39
MNIST .46 .47 .45 .53 .51 .43 .76 .51 .60 .88 .85 .87 .92† .85 .85
Fashion-M’ .58 .52 .42 .63 .53 .40 .70 .49 .45 .74 .74 .55 .77† .72 .56
EMNIST .22 .24 .30 .27 .23 .21 .43 .23 .30 .55 .57 .47 .78 .63 .70†

Triplet

CIFAR10 .24 .13 .17 .24 .12 .16 .33 .13 .21 .32 .19 .23 .39 .16 .23
MNIST .40 .52 .40 .45 .62 .50 .56 .41 .47 .78 .90 .77 .90 .84 .84
Fashion-M’ .44 .41 .25 .48 .48 .27 .52 .42 .31 .57 .74 .49 .67 .73 .52
EMNIST .18 .52 .16 .21 .23 .16 .26 .16 .18 .38 .41 .36 .69 .52 .60

Center

CIFAR10 .18 .10 .12 .18 .10 .13 .18 .10 .14 .27 .16 .19 .26 .15 .26
MNIST .20 .31 .15 .24 .53 .27 .24 .63 .30 .86 .91† .85 .83 .85 .85
Fashion-M’ .29 .48 .20 .28 .43 .20 .38 .50 .25 .61 .76 .50 .71 .69 .59
EMNIST .10 .19 .09 .10 .20 .10 .11 .25 .10 .55 .59 .49 .60 .52 .52
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Table 5.1 presents the evaluation metric results using Equation 4.7 for each of
the models. The values: Ωbase, Ωnew, and Ωall range between [0, 1]. 0 indicates
the model retains no knowledge, and 1 indicates it retains all knowledge. The Ωnew
results show the mAP@R performance on test data of the newly learned class. The
Ωall shows how well the models retain prior knowledge and acquire new knowledge.
The Ωnew results show the normal models are learning new knowledge at a very
low rate, and it would not be useful to be used as it is. In Table 5.1 we evaluated
how methods retained previously and newly learnt knowledge by testing on base-
test set (old learned classes) and inc-test set (newly learned classes). The results
are normalized with the offline models’ ideal performance using Equation 4.7. The
offline ideal models’ performances were obtained by measuring the mAP@R on the
base-test set.

5.2.3 Impact of Loss
We observe from bold and highlighted results in Table 5.1 that the four loss functions
with the FullVAE approach provided the best performance in terms of retaining base
knowledge. The exception is Center loss, where iCaRL outperformed FullVAE in
some cases as shown by Ωbase results. The Ωnew results showed that iCaRL mostly
outperformed all other approaches when learning new classes. Overall, the bold and
highlighted results of Ωall shows that we mostly perform better overall across all
loss functions. We do observe that different loss functions have different extents of
forgetting during incremental learning. The best performer was angular, followed
by contrastive, triplet, and center loss. Although the different incremental learning
techniques reduced the amount of forgetting, we can still observe differences in the
extent of forgetting of the four different loss functions. Angular loss combined with
FullVAE is the best performer overall, followed by contrastive, triplet, and center
loss. The results align with earlier observations. The different losses have a different
impact on forgetting, even with good incremental learning techniques.

Table 5.1 show FullVAE as the most robust over multiple steps of incremental
class learning, as highlighted by the EMNIST Angular results. Since we are not re-
quired to use actual images as exemplars, we can still represent a class well during
incremental learning. VAEs are noisy, but they can still represent previously learned
classes well. The ability to represent previous classes is vital due to the similarity
learning loss functions prioritising separating classes from each other and forming
regions [42], [53], [54] for the new class to occupy in the embedding space. We ob-
serve in Table 5.1 that methods that do not preserve some form of information about
previously learnt knowledge are more adversely impacted by catastrophic forgetting.

We observe some interesting differences between iCaRL and our FullVAE ap-
proach. FullVAE outperforms iCaRL overall in terms of overall knowledge reten-
tion, but iCaRL is better in learning new classes. Overall, Ωall shows our FullVAE
approach is better on average mAP@R across all learnt classes. The results further
supports that we are not required to have images as exemplars to represent previously
learnt classes to preserve previous knowledge’s embedding space. We can represent
images in the form of a representation that can be passed through intermediate layers
and get similar or better performance compared to iCaRL. However, we observe in
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the CIFAR10 results that simple VAEs might not represent detailed images on more
complicated datasets.

Finally, Table 5.1 showed that angular loss retained the most base knowledge
followed by the contrastive, triplet, and center loss as shown by Ωbase value. Again
we note that loss functions with correct mining perform similar to each other in
contrast to previous results in Section 5.1. The results reinforces the importance of
good miners for similarity learning loss functions.

5.2.4 Impact of Architecture
In this section, we explore if these outcomes might be attributable to the network
architecture rather than the methods and losses.

TABLE 5.2: Incremental class test’s mean average precision
(mAP@R) starting from the memorised Ωbase with the new classes
Ωnew added and the overall result Ωall . Bold is best method for Ω∗

per loss. Highlight is best method for Ω∗. [2]

Normal EWC EBLL iCaRL FullVAE
Architecture Loss Ωbase Ωnew Ωall Ωbase Ωnew Ωall Ωbase Ωnew Ωall Ωbase Ωnew Ωall Ωbase Ωnew Ωall

ResNet9

Contrast’ .24 .12 .13 .25 .13 .15 .35 .12 .20 .30 .14 .19 .68 .05 .36
Angular .31 .12 .18 .41 .12 .24 .43 .12 .26 .34 .13 .21 .74 .07 .36
Triplet .25 .13 .16 .26 .12 .16 .34 .12 .20 .35 .13 .21 .57 .07 .27
Center .21 .10 .12 .23 .11 .14 .20 .11 .10 .22 .11 .14 .47 .05 .24

To assess if the network architecture might be a factor in the above results, we
select a ResNet9 [55] as representative of an alternative deep neural network archi-
tecture. ResNet9 is a 9 layer deep residual network. A building block of a ResNet
is called a residual block. A residual block is simply when the activation of a layer
is fast-forwarded to a deeper layer in the neural network. We select the CIFAR10
dataset as we have previously observed this to be the worst-performing dataset for
FullVAE. We repeat the above experimental setup once with the same metrics using
CIFAR10 and a ResNet9. In Table 5.2 we note that the results are representative of
those in Table 5.1, with similar techniques outperforming for each metric. FullVAE
remains the best overall performing technique. It is worth noting that the results are
normalized with respect to a baseline ideal and, as such, not directly comparable with
Table 5.1 due to Resnet9 achieving a higher baseline idea compared to the simpler
CNN.

We see that in Table 5.2 that the ordering of methods, other than FullVAE, has
changed when compared with Table 5.1. Comparing the results in Table 5.1 and 5.2
shows an interesting perspective on how different architectures affects the effective-
ness of each technique. We can observe that on the simple network, Figure 4.1, the
order of best performing technique to worst was first FullVAE, iCaRL, EBLL, and
finally EWC. For the Resnet9 architecture, we can observe that the best performance
to worst were FullVAE, EBLL, iCaRL, and EWC.
There are significant differences between each class of CIFAR10, and base convolu-
tion knowledge learnt may not necessarily transfer well to new classes during incre-
mental learning. We speculate that when it comes to learning new classes, the frozen
convolution layers of our FullVAE approach limit its ability to learn new features.
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The new features could be important for the network to differentiate between new
and old classes. The results inspire our ConVAEr approach, covered in the following
section.
Further, we observe that the ResNet9 architecture improves most methods’ ability to
retain base knowledge at the cost of new knowledge. These results are exciting as
they point to another possible area of research for catastrophic forgetting in incre-
mental similarity learning: network architecture.

5.3 ConVAEr
Results in the Table 5.1 in Section 5.2 showed the two best performing techniques
as iCaRL and our FullVAE. Therefore to extend our investigation to represent real-
world applications better. We expanded our FullVAE approach into ConVAEr as
shown in Figure 3.2 to see if we get better performance on the primary datasets.
The experiments are done on the more complex primary datasets using iCaRL, Ful-
lVAE, and ConVAEr approaches on VGG11 network architecture shown in Figure
4.2. The results better represent how the techniques would fare in real-world scenar-
ios. We made use of the training setup in Section 4.3.6.2. We expand on the FullVAE
approach by investigating using VAE to represent outputs from intermediate convo-
lution layers. We have only investigated three loss functions: contrastive, triplet, and
center loss, due to difficulty applying angular loss on CUB200 and CARS196. We
experimented with numerous angles for angular loss but still could not train models
successfully with the angular loss on CUB200 and CARS196.

5.3.1 Pair and Triplet Mining
In the following experiments, we have implemented appropriate pair and triplet min-
ing for all the loss functions besides center loss that does not use any mining tech-
niques during training. In addition, we have made use of pair margin mining for
contrastive loss and semi-hard mining for triplet loss.
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FIGURE 5.8: CARS196: mean average precision (mAP@R) on base-
test for (a) Triplet, (b) Contrastive, and (c) Center loss combined for

each incremental learning step.
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FIGURE 5.9: CARS196: mean average precision (mAP@R) on base-
test plus inc-test for (a) Triplet, (b) Contrastive, and (c) Center loss

combined for each incremental learning step.

5.3.2 Knowledge Preservation
Figures 5.8, and 5.9 highlight how each of the methods implemented reduces catas-
trophic forgetting when learning classes incrementally by testing on a base-test set
after each new class is introduced. We observe that the FullVAE and ConVAEr retain
better base knowledge compared to iCaRL during incremental learning. We further
observe from Figures 5.8 that as progress with incremental steps, iCaRL performance
drops quicker compared to the FullVAE and ConVAEr due to the number of samples
for each class being reduced.

TABLE 5.3: Incremental class test’s mean average precision
(mAP@R) starting from the memorised Ωbase with the new classes

Ωnew added and the overall result Ωall .

Ωbase Ωnew Ωall
Dataset Loss iCARL F’VAE ConVAEr iCARL F’VAE ConVAEr iCARL F’VAE ConVAEr

CUB-
200

Contrast’ 0.8461 0.9272 0.9920 0.2102 0.1299 0.1243 0.7380 0.7856 0.7879
Triplet 0.8593 0.8651 0.9710 0.2282 0.2084 0.1300 0.7476 0.7531 0.7784
Center 0.8008 0.7564 0.8380 0.3020 0.3052 0.0985 0.7235 0.6990 0.6761

CARS-
196

Contrast’ 0.8683 0.8800 0.9814 0.4148 0.3843 0.1911 0.7573 0.7805 0.7801
Triplet 0.8952 0.8809 0.9623 0.3467 0.2961 0.1658 0.7683 0.7765 0.7615
Center 0.7650 0.7499 0.9393 0.5006 0.4219 0.1620 0.7090 0.6879 0.6173

Table 5.3 shows the evaluation metric results utilising Equation 4.7 for all of the
models. The values: Ωbase, Ωnew, and Ωall span within [0, 1]. 0 suggests the model
retains no knowledge, and 1 means it preserves all knowledge. The Ωnew results
show the mAP@R performance on the test data of the newly learned class. The Ωall
presents how well the models recall prior knowledge and obtain new knowledge. The
Ωnew results show the models are learning new knowledge very slowly and would
not be useful as presented. The results are normalized with the offline models’ ideal
performance using Equations 4.7.

The results in Table 5.3 show our ConVAEr approach as the most robust over mul-
tiple steps of incremental class learning for retaining base knowledge. Even though
ConVAEr is noisy and does not use actual images as exemplars, it can still preserve
a class well during incremental learning. However, we observe that center loss does
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not perform as well as contrastive and triplet loss with VAEs exemplars and has dif-
ficulty learning new classes. We observe that ConVAEr is better than iCaRL in terms
of overall knowledge retention (Ωall), but iCaRL is better at learning new classes.
We observe that center loss has the highest drop in base knowledge on FullVAE and
iCaRL. However, they gain a higher rate of new knowledge. The results support our
argument that we can preserve previous knowledge’s embedding space by represent-
ing images in a representation that can be passed through intermediate layers. We
get similar or better performance than iCARL. Finally, in Table 5.3 we see that con-
trastive loss retains the most base knowledge followed by triplet and center loss as
shown by Ωbase value.

The results in Table 5.3 show that iCaRL, FullVAE, and ConVAEr are on par with
one another. It is a contrast to earlier results observed in Table 5.1 and 5.2 where we
observed more significant differences between the techniques. The difference in per-
formances between the different setups indicates that architecture plays a significant
role in how each incremental technique performs to reduce catastrophic forgetting.

5.3.3 Performance on Unseen Classes
The following section presents the Ωunseen results on the iCaRL, FullVAE, and Con-
VAEr on CUB200 and CARS196 dataset with the VGG11 architecture using Equa-
tion 4.8. As a reminder, Ωunseen refers to the average mAP@R performance on the
unseen classes on CUB200 and CARS196 after each incremental training step. The
Ωunseen results are normalized by the base trained models unseen classes perfor-
mance. The normalization allows us to observe any decay or improvements from
incrementally introducing the models with new classes. The results in Table 5.4. The
Ωunseen less than 1 indicates decay in unseen classes performance while more than 1
indicates improvement in unseen classes performance.

TABLE 5.4: Incremental class test’s mean average precision
(mAP@R) for Ωunseen following Equation 4.8

Ωunseen
Dataset Loss iCARL F’VAE ConVAEr

CUB-
200

Contrast’ 0.7355 0.9525 1.004
Triplet 0.7822 0.8236 0.9853
Center 0.5597 0.5528 0.4134

CARS-
196

Contrast’ 0.8247 0.8751 0.9799
Triplet 0.9140 0.9689 1.0116
Center 0.5661 0.4785 0.5056

The results in Table 5.4 shows that ConVAEr’s performance decayed the least
with unseen performance, followed by FullVAE and lastly, iCaRL. The exception
being the center loss function. Furthermore, triplet loss on Cars196 and contrastive
loss on CUB200 using the ConVAEr approach improved the unseen classes perfor-
mances over the model that has only trained on the base classes. Taking into account
the results from both Table 5.3 and 5.4, the decay in base performance, Ωbase, are
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mostly correlated to decay in performances on unseen classes, Ωunseen. The models
utilizing the FullVAE and ConVAEr approach were the most robust to unseen class
performance decay and even, in some cases, improved. Except for center loss having
the much higher deterioration in unseen performance, Ωunseen, compared to the base
performance, Ωbase. The results further reinforce that center loss is not a suitable
loss function for incremental similarity learning. Finally, we can conclude that even
though the Ωbase and Ωnew performance drops as we incrementally train. It does not
always result in the decay of unseen classes performance. With ConVAEr, we can
observe some improvement over not incrementally training the model.



50

Chapter 6

Conclusion

In this research, we investigated to what extent similarity-based loss functions were
affected by catastrophic forgetting during incremental similarity learning. We do
this by implementing a minor variation of the existing catastrophic forgetting testing
procedure and testing metric by Kemker et al. to accommodate testing similarity
learning.

Firstly, we experimented on motivating datasets that we can easily achieve mod-
erately high accuracy on. The results show that the extent of catastrophic forgetting
was different on each of the respective loss functions. Angular loss was the least
affected amongst the loss functions with good pair and triplet mining techniques for
the loss functions. The centre loss was the most affected. We have found that the
severity and rapidness of forgetting depend on the complexity of data (i.e. number of
classes, the task’s difficulty) in similarity-based loss functions. Therefore, we have
shown that retrieval models with similarity-based loss functions are unsuitable for
incremental learning without any techniques to aid the training procedure.

Secondly, we adapted iCaRL, EBLL and EWC and our FullVAE approach to address
the issue. The results showed that all the methods helped reduce forgetting in the
networks compared to regular training. FullVAE outperformed the other three meth-
ods when measured on base knowledge retention and overall knowledge retention on
motivating datasets. FullVAE method differentiates from traditional exemplar meth-
ods that require us to keep images. Since using VAEs to generate actual images is
complicated, we proposed using VAE to generate intermediate representations before
the fully connected layers. The results show that we do not require actual images as
exemplars during incremental learning. Instead, it is essential to remind the network
of the previously seen knowledge. Thirdly, we investigated how the four methods
would perform on Resnet9 architecture on CIFAR10 to verify if the behaviour is
similar to the experiment on a simple CNN, which held.

Next, we extended the FullVAE approach to ConVAEr, taking the convolutional layer
into account. We compared ConVAEr to iCaRL and FullVAE on primary datasets
using the VGG11 network. We investigated the effectiveness of each method us-
ing contrastive, center, and triplet loss functions. The results showed that contrastive
loss with ConVAEr was most robust to catastrophic forgetting on the primary datasets
followed by triplet loss. However, iCaRL was more effective when used with center
loss. iCaRL was also more effective at learning new classes. Finally, our ConVAEr
and FullVAE approaches were better than iCaRL on unseen class performance on
CUB200 and CARS196.
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The results showed that catastrophic forgetting in incremental similarity learning
remains a complex research area. However, our research highlighted different aspects
that caused the forgetting.

6.1 Future work
We observe from Table 5.3 that iCaRL performed slightly better than FullVAE when
learning new classes but vastly outperformed ConVAEr in some cases. ConVAEr
should perform well for new classes with an unlocked convolutional layer inline with
or better than FullVAE. The unlocked convolutional layer should learn better features
for new images compared to just fully connected layers. We theorize that the VAE
representation for simpler intermediate layers (fully connected layers) of the network
was more accurate than the VAE representation from intermediate layers (CNN lay-
ers). Therefore, representation from the intermediate layers could be more difficult to
replicate. The increased difficulty can lead to noisier VAE representations that make
it difficult to learn new classes, which we can observe from Table 5.3. We speculate
the need for a better VAE architecture or possibly the use of GANs for ConVAEr.
The datasets and network architecture combination could also affect the performance
of the incremental learning techniques. The datasets and network architecture com-
bination could also affect the performance of the incremental learning techniques.
The CIFAR10 results in Tables 5.1 and 5.2 provided evidence to our speculation.
We observed that the ordering of methods has changed. But that requires further
investigation on this particular issue to be certain. In addition, we highlighted possi-
ble further areas for investigation concerning the choice of network architectures as
one of the main targets to overcome catastrophic forgetting in incremental similarity
learning. Finally, the loss function and mining function choice also matter. There is
also future work possibility for designing loss functions suited for incremental learn-
ing. In general, different architectures will give different performances for different
data sets. It seems that the network used was most appropriate for EMNIST data
(given a loss only after 10 incremental classes). The NN architecture selected, merits
further study
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