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Abstract

Artificial intelligent agents acting in the real world interact with a multitude of
data streams. As a result, they must attain, accumulate and record various tasks
from non-stationary data distributions. In addition, self-governing computational
agents must acquire an understanding of new experiences and transfer knowledge
from prior learning over a long period. Continual learning or lifelong learning
refers to the capacity to continuously acquire new knowledge, adapt to changing
circumstances, and integrate new experiences with previously learned ones over an

extended span of time.

Catastrophic forgetting is the primary obstacle in computational models that use
continual learning. It refers to the neural networks’ tendency to disrupt the ex-
isting learned knowledge while being trained on new information. This leads to a
sudden decline in performance when the new information overwrites the previous
knowledge entirely or partially. The learning agents should assimilate the new in-
formation seamlessly to enhance their existing knowledge and prevent catastrophic
forgetfulness. The model must be capable of preserving most or all of the acquired
knowledge, ensuring that the new information does not hinder the previously ac-

quired knowledge.

Computational models that engage in continuous learning are often designed to
mimic the learning abilities of humans and other mammals. These animals can
acquire, distill, and communicate knowledge over long periods of time. They ben-
efit from various neurophysiological processes that facilitate the development of
perception and motor skills through experience. Unlike machines, humans and
other mammals can effortlessly acquire new skills and transfer knowledge between
different domains and tasks. Moreover, the human brain has a remarkable ability
to integrate multisensory information, allowing it to respond effectively in situa-
tions where there is sensory ambiguity and to draw on knowledge from different
domains to achieve a common objective. Consequently, agents that engage in con-

tinual learning in the real world need to be able to deal with uncertainty, process

xx1
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a continuous stream of multisensory data, and learn multiple tasks without dis-
rupting their previously acquired knowledge. Achieving these goals has proven to
be a persistent challenge for machine learning, neural network research, and the

development of general intelligent systems.

Given this disparity, the primary aim of this investigation is to create cutting-edge
algorithms that can manage numerous data distributions in a lifelong learning

approach. The benefits are divided into three parts:

1. ACDC is an unsupervised learning framework that uses adversarial methods
to handle multiple data streams. It is designed to address the challenge of
learning in different domains simultaneously. ACDC’s performance was eval-
uated using the prequential test-then-train protocol and compared to other
baseline models. The results indicate that ACDC has better generalization
capabilities and higher target accuracy, with a substantial improvement of

over 10% in some cases.

2. The CFA approach proposes a solution to catastrophic forgetting by amalga-
mating knowledge from multiple specialist models. It exploits static agents
that specialize in specific data domains by further combining them into a
final model capable of handling all tasks simultaneously. CFA is a novel ap-
proach to continual learning that allows easy integration into existing static
pipelines. It transforms them into continual learning systems with perfor-

mance comparable or superior to the best existing static methods.

3. The CDCL framework aims to solve the unsupervised domain adaptation
problem in the task-incremental learning scenario. CDCL has two unique
mechanisms: an inter- and intra-task cross-attention block and an intra-task
center-aware pseudo-labeling procedure. It utilizes the visual transformer ar-
chitecture to facilitate the learning of several domains in a continual learning

setup.

Thus, these novel techniques, frameworks, and algorithms are fundamental steps
toward general intelligent agents that leverage their accumulated knowledge to

obtain new information while preserving and adapting past knowledge.
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Chapter 1

Introduction

When intelligent agents function in the real world, they encounter various streams
of information, making it essential to learn and retain multiple tasks through con-
stant changes in the data distributions. Additionally, computational agents must
gain knowledge from new experiences and use the knowledge from past learning for
an extended period. Lifelong learning refers to the ability to keep acquiring new

knowledge over time by incorporating it with previously learned experiences.

Lifelong learning computational models face a significant obstacle in catastrophic
forgetting. This refers to the tendency for artificial neural networks to interfere
with prior knowledge when trained on new information, resulting in a sudden
decrease in performance [2-4]. Furthermore, static deep neural networks rely on
batch-setting training, which assumes that all training data are accessible and
known in advance [5, 6]. When new knowledge is introduced, the entire network
parameters must be retrained, which is inefficient and hinders real-time learning.
Hence, conventional neural networks trained on incremental tasks show a significant
decrease in performance as new tasks are learned [7, 8|. Besides, in scenarios where
the autonomous agents must actively interact with the environment to learn on
the go, training and testing phases merge, requiring the agent to adapt and trigger

behavioral responses simultaneously [9, 10].

To prevent catastrophic forgetting, it is crucial for learning agents to continually
assimilate novel data, thereby enhancing their existing understanding. In doing
so, the incorporation of new insights must not impede or disrupt the previously

learned information. Rather, it should aim to conserve the majority, if not the

1



2 Chapter 1. Introduction

entirety, of prior knowledge. This delicate equilibrium between an agent’s require-
ment to be flexible enough to adopt new data and stable enough to protect acquired

information is referred to as the stability-plasticity dilemma.

The stability-plasticity quandary has been a subject of considerable investigation
across both biological and computational domains. Researchers have explored this
conundrum in an effort to better understand the mechanisms that govern learning
systems and their capacity to adapt without compromising established knowledge.
The extensive body of work in this area can be found in various studies, such as

the survey by Ditzler et al. [11].

Humans and other mammals exhibit the remarkable capacity for ongoing learning
and decision-making grounded in previous experiences [10, 12]. This enduring
learning process is made possible by intricate neurophysiological mechanisms that
facilitate the gathering, honing, and application of knowledge over long durations.
These mechanisms play a pivotal role in the cultivation and specialization of sensory

perception and motor abilities, which are molded through experience [13-16].

As a result, the multifaceted nature of continuous learning has prompted re-
searchers to draw inspiration from the mammalian brain’s learning factors in de-
veloping computational methods. By examining the intricacies of these biological
processes, scientists hope to emulate their efficiency and effectiveness in artificial

systems, paving the way for more sophisticated and adaptive learning algorithms.

The past few years have witnessed a growing interest in lifelong learning, par-
ticularly because of its significance for self-governing learning agents and robots.
Although neural network approaches are created to conform to data samples incre-
mentally gathered in controlled surroundings, presented in a haphazard manner,
these methods are far from the real-life conditions that humans and other creatures
encounter throughout their lifetimes [9, 17-19]. Agents that learn throughout their
lifespan are forced to deal with sensory uncertainty, manage ongoing streams of
multisensory data, and competently pick up multiple tasks without disrupting pre-
viously acquired knowledge. As a result, there is a vast disparity between current
neural network models and the more advanced lifelong learning agents that are

expected to learn incrementally from their continuous sensorimotor experiences.

When it comes to transfer learning [20], humans have the ability to learn new skills

and apply their knowledge to different domains and tasks without much difficulty,
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whereas artificial systems are still in the nascent stages of mastering this ability [21].
Furthermore, the human brain greatly benefits from the integration of information
from multiple senses, which helps in efficient problem-solving when there is a lack
of sensory clarity. The brain also has the ability to repurpose knowledge from

related domains towards the achievement of a common goal [12, 14, 22, 23].

Lifelong learning initiatives have posed a persistent difficulty for artificial intelli-
gence systems, and therefore, for the advancement of machine learning and neural
networks [24, 25].

1.1 Research objectives

The main objective of this research is to develop state-of-the-art algorithms ca-
pable of handling multiple data distributions in a lifelong learning manner. The

objectives of this research work are as follows:

e Handle multiple data streams from different data domains: By han-
dling multiple data streams from different domains, we want to generate
learning agents that can acquire sequential knowledge from multiple experi-

ences that share the same task while only one experience is labeled.

e Alleviate the catastrophic forgetting problem in incremental learn-
ing with transfer learning techniques: There are many ways to use trans-
fer learning techniques. While existing work aims to network pre-training and
fine-tuning tasks to enhance incremental learning [26], we want to use transfer
learning to build models that can extract knowledge from previously trained

models (previously acquired knowledge).

e Alleviate the catastrophic forgetting problem in incremental learn-
ing multiple domains with transfer learning techniques: By taking
advantage of previously learned tasks, we want to build learning agents that

can incrementally learn multiple complementary domains simultaneously.

e Alleviate the catastrophic forgetting problem while handling mul-
tiple incremental learning data streams: Finally, by combining all ob-
jectives above, we can build an agent that can handle incremental learning

(continuous learning) of multiple complementary data source domains.



4 1.2. Major Contributions

1.2 Major Contributions

Our main contributions can be stated as follows:

o Autonomous Cross-Domain Conversation: The Autonomous Cross-Domain
Conversation (ACDC) framework represents a groundbreaking solution to
the unsupervised cross-domain adaptation problem. By utilizing a dynamic
architecture, it actively adapts to data shifts throughout the learning process.
The ACDC framework is composed of three primary components: a denois-
ing autoencoder that functions as a feature extractor, a domain adversarial
adaptation network that facilitates cross-domain adaptation, and a classifier

in charge of inference tasks.

ACDC’s flexible online neural network framework can be adapted to accom-
modate a diverse array of network structures, such as convolution layers, dis-
tributed computing, recurrent layers, and varying levels of layer depth. This
adaptability allows for seamless integration with various network designs,
showcasing the framework’s versatility in addressing the complex challenges

of cross-domain adaptation.

e Catastrophic Forgetting Solution via Knowledge Amalgamation: A novel method
for addressing catastrophic forgetting involving multiple static agents. The
solution, known as the catastrophic forgetting solution via knowledge amal-
gamation (CFA), has the capability to combine the learned representation of
multiple diverse trained teacher models. Each of these models is focused on
a previous task, and the resulting single-headed student model can handle all
tasks at once. Additionally, CFA allows easy integration into current static
learning pipelines, facilitating a smooth transition from offline to continual

learning.

e Towards Cross-Domain Continual Learning: A novel framework for Cross-
Domain Continual Learning (CDCL) to solve the unsupervised cross-domain
task-incremental learning problem while maintaining a good stability-plasticity
trade-off. CDCL proposes two methods to solve the feature-alignment catas-

trophic forgetting problem: an inter- intra-task cross-attention mechanism
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that aligns domain features in current tasks and consolidates previous align-
ment knowledge; and an intra-task-based center-aware pseudo-labeling strat-

egy that identifies similar task-specific samples between the domains.

e Towards Cross-Domain Continual Learning: A novel approach to tackle the
challenge of unsupervised cross-domain task-incremental learning problem,
named cross-domain continual learning (CDCL) framework. Its primary fo-
cus is to maintain a stable balance between adaptability and stability while
solving the feature-alignment catastrophic forgetting problem. CDCL offers
two contributions to address this problem: an inter- and intra-task cross-
attention mechanism that aligns domain features in current tasks and con-
solidates previous alignment knowledge; and an intra-task-based center-aware
pseudo-labeling strategy that identifies similar task-specific samples between

the domains.

1.3 Outline of the thesis

This thesis is organized as follows:

In Chapter 1, the concepts of lifelong learning and the central challenge of catas-
trophic forgetting are introduced. The impetus for this research is the creation of
computational agents that can consistently gather, polish, and utilize knowledge
and skills throughout their existence, akin to humans and other mammals. Fur-
thermore, the chapter delineates the research objectives and the contributions of

the present study.

Chapter 2 offers an in-depth examination of the lifelong learning literature. A minor
distinction between online learning and continual learning is discussed, along with a
thorough analysis of the features and challenges of each learning type. Ultimately,
the difficulties encountered in previous studies in the fields of lifelong learning and

transfer learning serve as the motivation for the current research.

Chapters 3, 4, and 5 provide comprehensive accounts of various studies undertaken
in this research to tackle the challenges and issues of applying transfer learning to
neural network continual learning. A concise summary of these chapters is given

below.
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Chapter 3 acquaints readers with the idea of Autonomous Cross-Domain Con-
version (ACDC). This framework represents a form of adversarial unsupervised
cross-domain adaptation that employs a self-adapting neural network architecture
to manage multiple data streams. Specifically, the framework is designed to han-
dle diverse non-stationary data streams that span different domains and feature

spaces.

Chapter 4 presents an innovative approach for incrementally learning new tasks
through the knowledge amalgamation of heterogeneous teachers, termed Catas-
trophic Forgetting Solution Based on Knowledge Amalgamation (CFA). This post-
processing continual learning method proposes knowledge amalgamation as a means
to merge the expertise of heterogeneous teacher models into a single student model,

capable of addressing all tasks simultaneously.

Chapter 5 introduces a groundbreaking framework for incorporating unsupervised
cross-domain capabilities into an incremental learning model, named Towards Cross-
Domain Continual Learning (CDCL). This visual transformer-based method re-

solves the feature alignment catastrophic forgetting issue.

Lastly, Chapter 6 summarizes the conclusions drawn from the studies presented
in this thesis by emphasizing the main contributions, potential extensions of the

current work, and future research directions.



Chapter 2

Literature Review

Machine learning (ML) has been crucial in advancing data analysis, artificial intelli-
gence, and decision-making algorithms in general [27]. More recently, deep learning
has demonstrated extraordinary achievements, surpassing humans in many activi-
ties [28-33]. As a result, almost all areas of computer science, engineering, natural
sciences, and social sciences have used ML algorithms. In addition, many modern
industries - such as logistics, retail analytics, lifestyle, and drug discovery - would

not have been disrupted without the practical usage of ML algorithms [34-37].

The majority of machine learning (ML) algorithms work by training intelligent
agents using a specific dataset and then applying the acquired knowledge to prac-
tical tasks. This prevalent approach, often referred to as static, offline, or isolated
learning, is observable in both supervised and unsupervised learning paradigms.
Nevertheless, the fundamental drawback of the offline learning method is its sus-
ceptibility to catastrophic forgetting when employed in dynamic environments. In
other words, it fails to maintain and utilize previously learned knowledge for future
learning, resulting in a significant performance decline in earlier tasks. In contrast,
humans and animals are capable of retaining past knowledge and leveraging it to

enhance future learning and problem-solving [12, 14, 21-23].

Usually, ML algorithms require a significant amount of training data to achieve
efficient learning without relying on prior knowledge. Consequently, when new
information is introduced, the entire network parameters need to undergo a re-
training process. This issue persists even in unsupervised learning settings, where

accumulating vast amounts of data may be impractical in numerous situations.

7
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FIGURE 2.1: Diagram depicting how a static intelligent agent learns and how
a human learns. A human accumulates knowledge over time, while the static
agent suffers catastrophic forgetting when encountering new knowledge.

As a result, traditional ML algorithms face limitations in adapting to dynamic

environments that require continual knowledge accumulation and application.

Researchers have proposed transfer learning techniques to solve the data availability
problem, including few-shot learning, one-shot learning, and zero-shot learning
20, 38]. However, a system must have prior domain knowledge for such techniques.
The majority of the information typically comes from human users, either through
the design engineer or an interactive learning process [39], i.e., learning the model
still has to rely on humans instead of learning by itself. Therefore, learning and

accumulating prior knowledge from past tasks is more desirable [24, 25].

2.1 Lifelong Learning

Humans learn by accumulating and maintaining previously learned tasks and then
use them seamlessly in learning new tasks and solving new problems, becoming
more knowledgable and more effective at learning over time [9, 17-19]. Humans
and other mammalians feel this learning style is natural because their brains can
closely relate to and interconnect things around them with previous experiences. As
an example, building an accurate animal binary classifier through machine learning
algorithms would require a larger dataset of dog and cat images (e.g., 1,000 samples
per class) compared to what would be necessary for human use. In other words,
humans do not require as many dog and cat pictures as an ML algorithm would
need for effective classification. A human would probably be able to perform this
classification task without a single training example, with a possible chance of
enhancing it for other similar classes, e.g., wolfs and tigers. The reason is that

humans have accumulated knowledge in the past - in this case, about animals in
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general - and can create some internal mental connection - in this case, canines

and felines.

To broaden the scope of the argument, we employ an illustration from the realm of
self-driving cars (AVs) as well as one from the area of processing language naturally
(NLP).

Example 2.1.1. Lifelong learning for AVs: Most AVs are being designed to drive
into cities and countryside roads, where multiple aspects are common around the

world:

1. Roads have directions.
2. Vehicles operating on roads must follow the law reinforced by road signs.

3. Roads can be referred to by their name, code, localization, and nearby land-

marks.

Although some countries and regions can have specific laws, referred to by (2), we
can assume that there is a great intersection between them. A human who grew
up in London, UK, and learned to drive in the country understands the above-
mentioned three items. When this same individual decides to cross the Channel
Tunnel to France, they can adapt to a scenario — such as driving on a different
side of the road, new road sign designs, and new landmarks — instantaneously by
relying on their knowledge and experience driving in London, even though there

are significant differences and novelties introduced.
Example 2.1.2. Lifelong learning for NLP: Lifelong learning for NLP is crucial
for several reasons:

1. The syntax or grammar of sentences follows the same pattern in all domains.

2. The significance of terms and expressions remains consistent across various

fields and activities.

3. NLP issues, such as relationship between words, are closely related and have

varying degrees of impact on each other.
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The first and second factors enable the application of knowledge learned across
domains and tasks. Humans do not need to learn a new language when they en-
counter a new application domain. The third factor allows for lifelong learning
across various tasks. For example, Giorgi et al. [40] discovered that named entity
recognition (NER) and relation extraction (RE) analysis are critical tasks in infor-
mation extraction and retrieval, and NER systems benefit significantly from RE

analysis.

Almost every piece of knowledge identified by humanity is interconnected; hence,
information acquired in certain fields can be utilized in similar scenarios in other
areas in the future. The traditional offline learning method is incapable of achieving
this lifelong learning approach, which is crucial to create intelligent systems that
can learn and advance continuously like humans. However, lifelong learning is
gaining significance, especially in the fields of Al and ML, to adapt to our dynamic
surroundings and develop intelligent agents that learn and evolve more efficiently

with time.

Definition 2.1 (Lifelong learning). Lifelong learning involves an ongoing acquisi-
tion of knowledge. At any given moment, the individual engaged in this learning en-
deavor has assimilated a sequence of tuples Spast = {(71, D1), (T2, D2), ... (Tn, Dn) }s
also known as previous tasks, where T; and D; are respectively a task and its cor-
responding dataset, and usually (7; UTo U - - - U Ty) = {0}. When faced with
the new task tuple (7nx11,Dni1) - also known as the new or current task -, the
learner can leverage the past knowledge Spas to help learn Tni;. The learning
of Tny1 consists of checking, reasoning, transfer, and meta-mining of additional

higher-level knowledge.

Given the expansive nature of this definition, it is crucial to emphasize the following

points:

e The definition underscores three essential aspects of lifelong learning models:
(1) ongoing learning, (2) accumulation and preservation of knowledge, and
(3) the ability to apply prior knowledge for facilitating future acquisition of
knowledge. An individual committed to continuous learning participates in a
series of tasks that have the potential to be endless, and gradually enhances

their knowledge and proficiency in acquiring knowledge. These attributes
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set lifelong learning apart from related learning paradigms like multi-task
learning [41], transfer learning [20], and multi-target learning [42], which

may lack one or more of these characteristics.
e Tasks are not necessarily limited to the same domain.

e The transition to a different task may happen abruptly or gradually. Neither
an oracle nor any external source is required to provide the tasks or data.
Ideally, a lifelong machine should be capable of discovering novel learning
tasks and training data by interacting with its environment and engaging in

self-directed learning.

e Our comprehension of knowledge and its representation is limited, which is
why the definition does not provide specific details on these aspects. Presently,
studies generally utilize only a small number of knowledge types that are
most appropriate for their intended approaches [43]. The representation of
knowledge poses a significant research challenge, with few fully developed
outcomes that can be implemented in practice. Furthermore, the description

lacks guidance on how to safeguard and refresh the obtained knowledge.

e According to the definition, an effective approach to lifelong learning necessi-
tates a systematic combination of diverse learning algorithms and knowledge
representation schemes. It is highly unlikely for a solitary learning algorithm

to attain the lifelong learning goal [43].

e At present, no universal lifelong learning system exists that can perform

lifelong learning in any conceivable domain or for any type of task.

For the rest of this report, we will break the lifelong learning definition into two
directions. First, although many researchers use these terms as synonyms, here
we will use them as a way to define our problem formulations, making it easier to

guide our research:

e Online learning, also known as sequential learning or data stream mining,
is the process of extracting knowledge from continuous, rapid data samples
generated from a non-stationary environment without being able to revisit
a previously learned sample. Often, the data stream suffers from concept

drifts over time, representing changes in the underlying data distribution
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[44]. Unlike offline learning, we treat all incoming chunks of data as holdout

sets, evaluating them in a prequential test-then-train process.!

e Continual learning, also known as incremental learning, is the processing of
learning knowledge from new tasks while preserving previous knowledge and
avoiding catastrophic forgetting. When a continual learning model knows all
the future tasks, we call it a task incremental learning setting, usually by
receiving information regarding the task upon evaluation. Contrary to that,
when a continual learning model does not know future tasks, we call it a class

incremental learning, forcing the model to evolve according to incoming data
[45].

2.1.1 Online learning

Online learning (OL) refers to a method of learning where data points are presented
sequentially and at a rapid pace, without any restrictions on their number. As
each new data point arrives, the model must respond immediately, and then be
updated quickly to prepare for the next data sample. Moreover, the data-generating
process is usually non-stationary and susceptible to concept drifts, which makes it
necessary for the learning agent to adjust accordingly. This method differs from
the conventional approach of offline learning, where all of the training information

is readily accessible from the beginning.

In OL, it would be prohibitively expensive to retrain the entire data set every time
a new data point is added. Additionally, the rapid flow of data streams means
that the model would become obsolete during the retraining process. As a result,
OL techniques are usually designed to be efficient in terms of memory usage and

processing time in order to meet the real-world demands of low latency.

Numerous OL algorithms are presently available. The majority of these models
are learning algorithms based on kernels, such as SVM [46]. It is typical for OL
algorithms to enhance the traditional stochastic gradient descent (SGD) with com-
putationally efficient methods for classification, regression, and novelty detection.

The literature also showcases online variational Bayes algorithms [47] and online

'Multiple researchers treat online learning as a field itself, separated from lifelong learning.
Here, we consider it an essential part of lifelong learning because a generic lifelong learner should
be able to learn - or adapt its knowledge - in real-time based on interactions with the real world.
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learning on graphs [48]. Predicting users’” preferences towards products in a social
network is one of the applications of this problem. Lastly, existing techniques also

employ neural networks to address the online learning problem [49-51].

Numerous online algorithms utilize adaptation mechanisms to manage fluctuations
in the distribution of data streams [49, 50, 52-55]. For example, certain methods
may activate evolution mechanisms, such as generating new models from the ground
up, a common tactic in ensemble solutions. These techniques can then undergo

retraining using a sliding window or memory [54, 56].

On the other hand, passive drift detection techniques gradually adjust the model
to accommodate any changes that might occur in the data streams. Consequently,
data stream mining has achieved substantial progress across various domains, in-
cluding regression [57, 58], clustering [59], and classification [49-51, 60, 61]. This
advancement demonstrates the effectiveness of adaptation mechanisms in address-

ing the challenges posed by dynamic data stream environments.

When it comes to transferring learning in the online domain, we are particularly
interested in learning from multiple streams at the same time. Most online learning
research currently focuses on a single domain or task. Ensemble methods based
on SVMs have been proposed by researchers to handle multiple data streams [60—
62]. Du et al. [63, 64] developed ensemble-based random forest solutions to handle
non-stationary learning from multiple sources. Dredze and Crammer [65] devel-
oped a multi-domain online learning method that combines multiple classifiers’
parameters. The model considers both the new instance/example and its domains.
Meanwhile, Li et al. [66], Tao et al. [67] proposed multi-domain online learning
methods that use a warm-up initialization period and an SVM ensemble to handle

different concepts.

While OL deals with upcoming data in a sequential or streaming manner, its
purpose is distinct from lifelong learning. OL still undertakes learning and inference
over the same task over time, even though it aims to learn more effectively with
the sequential arrival of data. On the other hand, the objective of lifelong learning
is to gain knowledge through a variety of tasks, maintain the knowledge acquired

thus far, and utilize it to ease the acquisition of knowledge in subsequent tasks.
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2.1.1.1 Concept Drifts

A myriad of products and services generate vast amounts of real-time data, re-
quiring efficient data analysis and machine learning techniques to enable accurate
predictions and decisions. Concept drift describes a situation in which the sta-
tistical properties of the target variable, which the model aims to predict, shift
unexpectedly over time [68, 69]. In such circumstances, previously learned data
patterns may no longer be relevant to incoming samples, resulting in inferior per-
formance. Concept drifts often originate from hidden variables that are not directly
measurable [70, 71] and are the main reason for the declining effectiveness of var-
ious data-driven information systems, such as decision support and data-driven

early warning systems [54].

In a constantly changing big data landscape, the need for more reliable data-driven
predictions and decision-making capabilities has become essential. Addressing the
challenges posed by concept drifts is critical to maintaining the accuracy and rel-
evance of machine learning models in real-world applications, ensuring that they

continue to deliver meaningful insights and support informed decision-making.

The study on concept drift aims to address various difficulties, including the pre-
cise identification of concept drift in datasets that are unorganized and contain a
lot of noise [72, 73]. It also involves gaining a quantitative and comprehensible
understanding of concept drift [69, 71], as well as devising strategies to adjust the
learning approach in response to drift [74, 75]. Overcoming these challenges en-
ables flexible forecasting and decision-making in an environment where uncertainty

is prevalent.

The implementation of methods for managing concept drift has resulted in a note-
worthy enhancement of learning agents in the fields of data science, pattern recog-
nition, and data stream mining. Concept drift is a prevalent and consequential
concern in environments that have access to a large amount of data, such as data
streams or the real world, due to the unpredictability that arises from the funda-

mental characteristics of big data.

In academic literature, the phenomenon known as concept drift is also referred to
as dataset shift [76] or concept shift [72]. Nevertheless, the majority of recent pub-

lications, including this particular study, utilize the term concept drift to describe
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the overall issue where there exists a point in time where the probability distribu-
tion of input and output data changes, i.e., 3t : P,(X,Y) # P,.1(X,Y) [69], where

P,(-) represents the probability distribution in a time interval ¢.

Definition 2.2 (Concept Drift). Assuming Sjo4 = {(z;, y;) }i— is a set of samples
from a time period [0, ¢], where x; represents the feature vector and y; represents
the label, and Py 4(X,Y") represents a distribution for Sjpy. We can say that if
the distribution of Sy 4, Po4(X,Y), is not equal to the distribution for Sp.i1 o,
Pi11,5(X,Y), then there is a concept drift at timestamp ¢ + 1. Therfore, concept
drift is denoted as 3t : P(X,Y) # P1(X,Y), as given in Lu et al. [73].

Given that the probability P;(X,Y’) can be expressed as the product of two prob-
abilities, P,(X) and P,(Y]X), concept drift can be caused by the following [75]:

e Virtual drift: P,(X) changes while P,(Y|X) remains the same. This type of

drift does not affect the decision boundary.

e Natural drift: P,(Y|X) changes while P,(X) remains the same. This type of
drift causes changes in the decision boundary and decreases learning perfor-

marce.

e Mixed drift: Both P(X) and P(Y|X) change. This type of drift conveys

crucial information about the learning environment.

Concept drift can also be categorized into four types [77]:

Abrupt/Sudden Drift: A new concept appears within a short interval.

Gradual drift: An old concept is gradually replaced by a new one.
e Incremental drift: An old concept changes gradually to a new one.
e Recurring concepts: An old concept reappears after a period of time.

The term intermediate concept has been introduced to demonstrate better the dif-

ferences between these types and the transformation between the concepts them-
selves [77].
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2.1.2 Continual Learning

The primary objective of continual learning (CL) is to create learning agents that
can learn a sequence of tasks or classes without revisiting previous data. These
agents must use their prior knowledge to learn new tasks more efficiently. Con-
tinual learning poses two significant challenges: backward and forward knowledge
transfer [45]. Backward transfer (BWT) evaluates how learning a current task af-
fects the performance of previously learned tasks. If BWT is negative, it can lead
to catastrophic forgetting [78]. A common alternative for the BWT metric is the
average forgetting metric (FGT) [79], which gives a numerical indicator of how
much the cumulative knowledge of the model has been forgotten. Forward transfer
(FWT) assesses how learning a current task impacts the performance of future,
unseen tasks. Positive FWT enables continual learning methods to leverage shared
representations, resulting in more effective training on new tasks. BWT and FWT
determine how effectively CL methods can adapt and refine feature representa-
tions. Previous studies have focused mostly on classification tasks because of the

difficulty in avoiding negative BWT and achieving positive FWT [4, 45, 80-82].

Which metrics are such:

1
A A : ACC==)» Ry, 2.1
verage Accuracy T ; T (2.1)
T-1
Backward Transfer: BWT = 1 Z Ry — R;; (2.2)
: T_1 - T 1,1 :

T
Forward Transfer: FWT = T 1 Ri_1;— b; (2.3)

i=2

=

Average Forgetting: FGT = —— max (R;; — Rr;) (2.4)

T — 1 &~ie1,- T-1

=1
where R € R™7 is a test classification matrix, with R;; representing the test
accuracy in task ¢; after completely learning ¢;. The details are given by Lopez-

Paz and Ranzato [45]. A desired model presents a high ACC, BWT, and FWT

while showcasing a low FGT metric.
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To develop more effective benchmarks in the area, van de Ven and Tolias [83] have
suggested three separate CL situations that increase in complexity. The distinction
between these situations is based on whether task identity is given or needs to be

deduced during the testing phase.

e Task-incremental learning (TIL): In the most basic continual learning
situation, the learning agent is consistently notified of the task it should
execute. Due to the availability of task identity information, models with
task-specific components can be trained in this scenario. The multi-headed
output layer is a common network architecture used in this scenario, with
each task having its own output unit while the remaining network is (possibly)

shared across tasks.

e Domain-incremental learning (DIL): The task identity cannot be ac-
cessed. Nevertheless, the learning agent is only responsible for solving the
domain assigned to it, without the need to deduce what the task is. This
scenario is commonly disregarded in literature since it mainly serves as a

transitional phase between the other two scenarios.

e Class-incremental learning (CIL): The learning mechanism should pos-
sess the capability to tackle every encountered task and deduce the nature of
the task presented. This is an arduous situation and resembles the real-world

problem of gradually gaining knowledge about new categories of entities.

The continual learning domain proposes various approaches to tackle catastrophic
forgetting, especially in the class-incremental learning setting. Regularization tech-
niques limit perturbations of essential parameters for inference of previous tasks
during the learning of new tasks [84]. Knowledge distillation methods jointly op-
timize knowledge from previous and incoming tasks [4]. Memory replay, which
re-uses crucial knowledge from past experiences for faster training, is also an effec-

tive approach, inspired by reinforcement learning [85].
The current techniques for addressing the challenge of continuous learning can be

broadly categorized into three distinct groups:

e Structure-based approach: The phenomenon of catastrophic forgetting

can arise when adjustments are made to a neural network’s parameters to
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accommodate new tasks, leading to the loss of knowledge associated with
previous tasks. To counter this issue, the network’s internal model can be
modified by incorporating new layers or altering connections, or by focusing
optimization efforts on specific sections of the network for new tasks, while

keeping the older parameters intact. Some key methods include:

— Progressive Neural Networks (PNN) [55]: Adds new columns (layers
and connections) to the network’s structure for each new task, while
freezing the parameters of the previous tasks. This approach maintains
separate paths for each task, thereby retaining the learned information

from previous tasks.

— Context-dependent Gating (XdG) [86]: Uses a gating mechanism to
activate or deactivate specific parts of the network based on the current
task. This enables the network to learn and adapt to new tasks while

preserving previously learned knowledge.

Regularization-based approach: When the knowledge necessary for a
task is available only during the training phase, it remains feasible to train
distinct portions of the network for each task, while still employing the entire
network for inference. Conventional methods in this category estimate the
importance of the network parameters for tasks learned earlier, penalizing
subsequent adjustments in proportion to their significance. Key methods

include:

— Elastic Weight Consolidation (EWC) [87] and its online variant (EWCo)
[88]: Employ the Fisher information matrix for evaluating the signifi-
cance of individual parameters, and subsequently impose regularization
penalties to safeguard the crucial parameters during the acquisition of

new skills.

— Synaptic Intelligence (SI) [89]: Measures the importance of each pa-
rameter by tracking the cumulative gradient throughout learning. The
method then penalizes future modifications to important parameters,

thus protecting previously learned knowledge.

e Memory-based approach: This strategy involves revisiting previously

stored samples in memory when learning new tasks, allowing the model to

retain knowledge from prior tasks. Key methods include:
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— Learning without Forgetting (LWF) [4]: Retains a model trained on
previous tasks to provide soft targets for current task samples, creating

a blended training process.

— Gradient Episodic Memory (GEM) [45] and Averaged GEM (A-GEM)
[81]: Store a subset of samples from previous tasks in memory and use

them to estimate and limit forgetting during training on new tasks.

As an alternative, generative models are used to synthesize samples for re-

hearsal, thus mitigating catastrophic forgetting. Key methods include:

— Deep Generative Replay (DGR) [85]: Trains a separate generative model
sequentially on all tasks to generate samples resembling the data distri-
bution of past tasks. This allows the network to rehearse previous tasks

while learning new ones.

— DGR with Knowledge Distillation (DGR+-distill) [83]: Combines DGR
with knowledge distillation to pair generated samples with soft target
knowledge - also known as the logits from the model before learning
current knowledge - further improving the model’s ability to retain past

information.

2.1.2.1 Catastrophic forgetting

Grasping the concept of catastrophic forgetting necessitates an appreciation of
the delicate interplay between stability and plasticity in neural networks [90, 91].
The perfect manifestation generated by a neural network ought to be versatile
enough to accommodate novel insights and adapt to shifting circumstances, while
concurrently maintaining sufficient stability to preserve previously acquired data.

Both attributes are undeniably essential, yet they demand distinct considerations.

On one hand, stability calls for the maintenance of the knowledge representation
framework, ensuring that past learnings remain intact. On the other hand, plas-
ticity entails modifying this very structure to accommodate new information and
adapt to evolving situations. Regretfully, striking the right balance between these

two competing aspects proves to be a formidable task.

Neglecting stability and plasticity in neural networks leads to catastrophic for-

getting, which occurs when newly introduced information disrupts or overwrites
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previously learned knowledge. This phenomenon is comparable to a person mov-
ing from one city to another and forgetting about their past city [91]. However,
human memory does not typically exhibit such cognitive limitations. Once a per-
son learns something, they can recall it without forgetting it, despite learning new

information over time.

The issue of catastrophic forgetting has historically been linked to fixed systems or
traditional non-continuous learning, which currently constitute the bulk of popular
and implemented neural networks. Conversely, continuous learning networks need
to be adaptable in some manner by employing a learning process that allows for the
expansion or reduction of units and connections in the network, in accordance with
learning demands. In other words, new units can be incorporated to encode recently

gained knowledge without interfering with pre-existing ones [3, 4, 84, 86, 92-94].

Catastrophic forgetting is not always a consequence of introducing new informa-
tion to the network. For instance, when incoming data points are simply additional
examples of a pattern already established by the existing knowledge base, the for-
getting effect is minimal. As a result, strategies to mitigate catastrophic forgetting

are not necessary in such situations.

Finally, remnants of prior knowledge can occasionally persist in the neural net-
work even after catastrophic forgetting has taken place. As a result, the disrupted
knowledge can be reacquired faster than it was initially learned. The rate at which
a network relearns previously known information is sometimes employed as an in-
dicator to evaluate the effectiveness of suggested approaches to lessen catastrophic

forgetting [95, 96].

2.2 'Transfer Learning

Transfer learning has emerged as a prominent area of inquiry within the disciplines
of machine learning and data mining. This technique generally encompasses a
pair of domains: the so-called source domain and the target domain. Although
it is possible for multiple source domains to coexist, the preponderance of current
research focuses on utilizing just one. Commonly, the origin field is recognized by
having a substantial amount of marked instructional information, while the target

field could possess a limited or nonexistent quantity of such data.
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Transfer learning is usually discussed in the context of an offline environment.
In this context, a model that was initially created to perform a specific task is
reutilized to enhance the learning process for a distinct and separate task [20)].
This approach has garnered significant attention and interest in recent years due

to its potential to streamline the learning process and improve outcomes.

Neural networks, known for their ability to learn high-level features, have also found
applications within the domain of transfer learning [97]. These networks possess
the power to extract and identify complex patterns from data, which can then be
applied to facilitate the learning process in the target domain. This is particularly
valuable in cases where the target domain suffers from a scarcity of labeled training
data.

To sum up, transfer learning is an essential and expanding field of investigation
within the domain of machine learning and data mining, where neural networks
have a pivotal function in the operation. By leveraging models and knowledge
from source domains, transfer learning can enhance the learning outcomes in target

domains, even when faced with limited training data.

Definition 2.3 (Transfer Learning). Given a source domain Dg and a target do-
main Dr, the objective of transfer learning is to enhance the learning of the target

prediction function fr(-) within Dy by leveraging the knowledge contained in Dg.

The topic of feature transferability within the layers of a deep neural network has
been previously explored by Chen et al. [98]. Currently, rather than relying on
conventional raw inputs as characteristics that may not be versatile enough across
various domains, the majority of techniques opt to synchronize the low-dimensional
features of distinct domains [99]. In particular, denoising auto-encoders [100] and

stacked denoising auto-encoder [101] are frequently employed for this purpose.

Usually, an auto-encoder is composed of two key elements: an encoder function A( -)
and a decoder function g(-). The initial input « can be recovered as & = g(h(x)).
The objective of auto-encoder training is to decrease the reconstruction error loss,
which is typically measured using a mean-squared error function L (x, ). After
being arranged in a hierarchy, auto-encoders may undergo training. When denois-
ing is performed, the original input vector x is subjected to a random transforma-

tion that results in a different vector, Z, which could involve introducing Gaussian
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noise. The objective is to minimize the loss of the denoising reconstruction error,

represented by Ls(x, ), where & is given by g(h(Z)) in this particular case.

Conventionally, transfer learning differs from lifelong learning in the following re-

spects:

e The field of transfer learning does not focus on accumulating knowledge;
thus, standard solutions do not preserve the transferred knowledge from the
source domain to the target domain for subsequent learning utilization. In
contrast, knowledge retention and accumulation are crucial for lifelong learn-
ing systems, allowing them to acquire additional knowledge more rapidly and

accurately.

e Transfer learning is, by tradition, one-way. Given the dearth of training
data in the target domain, the primary focus is to transfer knowledge from
the source domain to facilitate or amplify the former. If necessary, lifelong
learning agents apply newly gained knowledge to refine previously learned

information.

e In general, transfer learning involves a source domain and a target domain,
although there could be instances where there are multiple domains for each.
The underlying assumption is that the source domain shares similarities with
the target domain, otherwise, there may be negative transfer leading to ad-
verse outcomes. Lifelong learning algorithms contemplate a vast - theoreti-
cally infinite - number of tasks and domains. If the newly arriving domain is
dissimilar to prior knowledge, a lifelong learning system must learn it without
disrupting the existing knowledge base. Nevertheless, since lifelong learning
generally involves numerous past domains, new learning tasks are likely to

find some aspects of previous knowledge helpful.

This study aims to blur the boundary separating lifelong learning from transfer

learning, rendering one intrinsically vital to accomplish the other.

2.2.1 Domain Adaptation

There are various sub-fields of transfer learning, but our primary focus is on domain
adaptation (DA) [102], which is a type of transductive transfer learning [20]. DA
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necessitates that the source and target tasks are identical, although the domains

may differ.

Numerous sub-topics exist within the scope of transfer learning, yet our primary
focus is on domain adaptation (DA) [102], a particular kind of transductive transfer
learning [20]. This approach necessitates that the source and target tasks remain

identical, even though the domains may vary.

Definition 2.4 (Domain Adaptation). Given a source domain Dg and an asso-
ciated learning task 7Tg, a target domain Dy and an associated learning task Tr,
domain adaptation seeks to enhance the learning of the target prediction function
fr(+) within Dy by leveraging the knowledge from Dg and Tg, where Dg # Dy
and Ts = Tr. Xg, X1, Ys, and Y7 can all be observed.

This setup can be further broken down into two distinct cases: (1) the source and
target domains exhibit dissimilar feature spaces, represented as Xg # Xr, and (2)
the feature spaces of both domains are the same, denoted by Xg¢ = Xr; however,
the probability distributions at the margins of the input data differ, expressed as
P(Xs) # P(Xr).

For all domain adaptation problems, the discriminator’s performance in the target
domain is inherently limited by the error it exhibits in the source domain and
the extent of deviation between source and target distributions. To address this
limitation, a variety of approaches have been proposed to assess and reduce the
differences between the distributions across domains. Some notable examples of
these techniques comprise Maximum Mean Discrepancy (MMD) [103], Kullback-

Leibler divergence (KL) [104], and domain-adversarial networks [1].

Theorem 2.1. Theorem 1 (Ben-David et al. [102]): Given two domain distribu-
tions Ds(Xs) and Dr(Xrt), the target domain error et is bound by:

dyan(Xs, Xtr) = 28%9 |Pn(Xs)=1] — P[n(XT)=1]| (2.5)
ne
er < es + dyan(Xs, X1) +C* (2.6)

where dyaw(Xs, Xr) represents the HAH divergence, which depends on the ability
of the hypothesis class H to differentiate between samples generated by Ds(Xg) and
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those generated by Dr(Xr). C* denotes the error of an optimal classifier for both

the source domain Dg and the target domain Dr.

DA can be classified into three distinct categories in the literature based on the
availability of target data labels: supervised domain adaptation (SDA) [105], semi-
supervised domain adaptation (SSDA) [106], and unsupervised domain adaptation
(UDA) [107-110]. A representation that facilitates cross-domain transfer is con-
sidered effective when an algorithm is incapable of identifying the source domain

of the input sample [102].

Although the definition of SDA remains consistent with Definition 2.4, SSDA can
be viewed as an expanded version where a portion of unlabeled target domain
data is available during training. Conversely, for UDA, the predicted labels are

considered hidden variables, like clusters within lower-dimensional spaces.

Definition 2.5 (Semi-Supervised Domain Adaptation). Given a source domain
Ds and an associated learning task 7g, a target domain D7y and an associated
learning task Tr, domain adaptation seeks to enhance the learning of the target
prediction function fr(-) within Dy by leveraging the knowledge from Dg and
Ts, where Dg # Dy and Tg = Tr. Xg, X7, and Ys can be observed, while Y7 is

partially known.

Definition 2.6 (Unsupervised Domain Adaptation). Given a source domain Dg
and an associated learning task 7g, a target domain Dy and a corresponding task
Tr, unsupervised domain adaptation seeks to enhance the learning of the target
function fr(-) within Dy by leveraging the knowledge from Dg and Tg, where

Ds # Dr and Tg = Tr. Xg, Xr, Ys can be observed, while Y7 remains unknown.

Advancing further, DA techniques can be classified into two sub-groups: Domain-
level DA creates a domain-agnostic latent space [99, 111, 112], while category-level
DA establishes a feature-aligned network between the two domains [113, 114]. It is
typical for category-level DA approaches to outperform domain-level ones, as the
resulting domain-agnostic latent space positions the category distributions of both

domains in close proximity.
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2.2.2 Multistream transfer learning

The multi-stream domain has recently garnered increasing attention from researchers.
Data streams typically originate from non-stationary distributions and are prone
to concept drifts [44]. Moreover, when handling dual or multiple streams from
distinct domains, covariate shift [115], disparate feature spaces [116], and varying
throughput can also be anticipated. The area of multi-data stream mining has made
substantial progress in numerous directions, such as regression [57, 58|, clustering
[59], and classification [60-62].

In the domain of classification, ensemble-based methods have received much at-
tention. One popular technique is multistream classification (MSC) [60], which
leverages SVM [46] as its primary classifier. To actively recognize concept drifts,
MSC employs kernel mean matching (KMM) [52] to adapt the model based on the
changes in the input distribution. KMM identifies drifts by matching the kernel
mean of the source and target distributions. By doing so, it helps to overcome the
problem of covariate shift, which occurs when the source and target distributions
have different marginal distributions. Another method, multistream classification
with relative density ratio estimation (MSCRDR) [62], also uses SVM as its main
classifier but introduces a unique approach of relative density ratio estimation for
drift detection and adaptation. Efficient multistream classification using direct
density ratio estimation (FUSION) [61] is another ensemble-based technique that
utilizes SVM for classification. Additionally, FUSION adopts the drift detection
method (DDM) [27] to actively identify and respond to drifts.

Furthermore, in non-stationary environments, transfer learning has been proposed
as a viable approach to handle concept drift. Two prominent transfer learn-
ing methods for non-stationary environments are multi-source transfer learning
for non-stationary environments (Melanie) [63] and multi-source mapping transfer
learning for non-stationary environments (MARLINE) [64], both of which utilize
random forests. Melanie employs the drift detection method (DDM) to recognize
and adapt to drifts in the input distribution. In contrast, MARLINE utilizes a
drift detection method based on Hoeffding’s inequality (HDDM) [53] to detect and
respond to drifts. While SVM and random forests are commonly used in multi-
stream classification, compared to neural networks, they are generally considered

less effective in learning high-level features from the data.
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Other notable methods for addressing concept drift in multi-stream environments
include autonomous transfer learning (ATL) [51], online transfer learning (OTL)
[117], and automatic online multi-source domain adaptation (AOMSDA) [118].
ATL and AOMSDA employ a self-evolving neural network structure with a feature
extractor and discriminator, driven by an active drift detector to detect changes
in the data distribution. In contrast, OTL utilizes a passive drift detector and
continuously adapts the model to potential distribution changes. While ATL and
AOMSDA align the source and target distributions within the feature extractor us-
ing the Kullback-Leibler divergence (KL), their discriminators remain unaware of
the target distribution. On the other hand, OTL updates its weight continuously,
utilizing information from both source and target streams, to construct an interme-
diate domain-invariant representation of their distributions. These methods have
demonstrated effectiveness in handling concept drift in multi-stream environments
— although still single domain — and offer valuable insights into designing and ap-

plying machine learning models that can adapt to evolving data distributions.

All the aforementioned methods are single-domain solutions, meaning they can
manage multiple streams but were not specifically designed to address multiple

domains.

Ultimately, examples of transfer learning methods that consider multiple data
streams and domains include multistream domain adaptation (MSDA) [66] and
multistream cross-domain adaptation (COMC) [67]. These UDA solutions rely on
a warm-up initialization stage and utilize support vector machines (SVM) as their

principal classifiers. Additionally, they feature active drift detection methodologies.

In this research, multistream transfer learning is also called online unsupervised

cross-domain adaptation, and its problem definition follows.

Definition 2.7 (Online Unsupervised Cross-Domain Adaptation). Consider the
set {(X éi), Ys(i)) +% as a set of labeled instances with size ng originating from a
non-stationary source domain stream Dg. In the same manner, let {(X\7)}'1,
indicate a set of unlabeled instances with size ny from a separate non-stationary
target domain stream Dy, showcasing a scarcity of labeled instances. In cases where
Xgs # Xr, the domains display varying feature spaces, requiring a transformation to
achieve a distinct marginal probability distribution, meaning Ys = Yr, but Pg(X) #

Pr(X) and Ps(Y|X) = Pp(Y|X).
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The aim is to develop a classifier that leverages Xg € R"S*" Yy € R™>*™ and

X7 € R"T*% o forecast the class label YT e R"t*™ for Xr.

Both the source and target distributions emerge from separate non-stationary pro-
cesses with differing speeds, leading to contrasting throughput. They may change
over time due to covariate shift, for example, Ps(X,Y);, # Ps(X,Y);o41 and
Pr(X,Y)y. # Pr(X,Y )11, where tg and tp are the timestamps for incoming
samples from the source and target, respectively. Finally, asynchronous drift hap-
pens when tg # tr during the previously mentioned covariate shift, resulting in

modifications in the source and target domains at different timestamps.

Altogether, five challenges must be addressed in online unsupervised cross-domain
adaptation: Scarcity of labeled samples, Different feature space, Covariate shift,

Asynchronous drift, and Contrasting throughput.

2.2.3 Cross-Domain Continual Learning

Unlike multistream transfer learning, which happens in the sequential learning
environment, cross-domain continual learning happens in an incremental setting.

Its definition can be adapted from the previous Definition 2.7, yielding:

Definition 2.8 (Cross-Domain Continual Learning). Let (Ds,, Dr,) be an incre-
mental flow, with the data tuples (zg,,ys,) satisfying (xs,, ys,) “ Ds,(Xs,Ys), and
(xT,) satisfying (xr,) i Dr,(X7). The data tuples contain a labeled set X, paired
with its target set Yg,, along with an unlabeled input set Xr,, organized into se-
quential tasks t; € T = {1,--- , T}, where the total number of tasks 7" is unknown
a priori. The goal is to learn a predictor f : (XsU Xt) X T — Y7, which can be
queried at any time to predict the target vector yr associated to a sample in the

target domain xr, where (zr,yr) ~ B.

The solution to this problem is not trivial, as the model needs to handle label
scarcity in the target domain, and also possibles task drifts P;(Xs, Ys) # Pi+1(Xs, Ys)A
Py(X7,Yr) # Piya(Xr,Yr) and domain drifts P(Xs) # FP(X1) A P(Ys|Xs) =
P,(Yr|X7) along the training.

Consider an incremental data flow represented by (Ds,, Dr,). Here, the data tu-

ples (zs,, ys,) follow (xs,, ys,) u Ds,(Xs, Ys), and (z,) adhere to (Xr,) u Dr,(X7).
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The tuples contain a labeled set Xg, associated with a label set Y'Si, and an un-
labeled set Xp,. These sets are arranged into sequential tasks t; € T =1,--- T,
where the overall number of tasks 7" is not known in advance. The aim is to learn
a predictor f : (XgU Xr) x T — Yp that can be used at any moment to predict

the target vector yr, for a sample in the target domain z7,, with (z7,,7, ) ~ PB.

The solution to this problem is not trivial, as the model has to manage the scarcity
of labels in the target domain and potential task drifts P;(Xsg,Ys) # Pi1(Xs, Ys) A
Pi(Xy,Y;) # Py (X1, 1), as well as domain drifts Py(Xs) # Py(Xi) A Pi(YL]X) =
P,(Y;| X;) during the training process.

Cross-domain continual learning is also referred to as continual UDA in this re-

search.

2.2.4 Knowledge Distillation

The technique known as knowledge distillation (KD) [119] facilitates the transfer
of knowledge from one model to another by means of compression. The underlying
principle involves a larger teacher model overseeing the training of a smaller student
model, which is then trained to replicate the actions of the teacher model. KD
boasts a notable advantage in its ability to handle varied structures, allowing for
the teacher and student models to have different network structures. The teacher
model supervises the training of the student by providing it with its output, referred

to as the soft target.

In essence, KD works by minimizing the discrepancy between the output Z of the
student model and the logits z that the teacher model generates, given a specific

input sample. The objective function for KD can be defined as:

Lxp = Lose(2,5) = ||z — 2]|. (2.7)

Although KD has become a popular research topic in the machine learning com-
munity, many existing approaches still follow a single teacher-student relationship
[119]. Recent studies have explored the use of multiple teachers, where each teacher

contributes a different aspect of the knowledge to the student model. This approach



Chapter 2. Literature Review 29

is referred to as ensemble knowledge distillation and has shown promising results

in improving the performance of the student model [120].

Moreover, there are also techniques that use self-distillation, where a single model
acts as both teacher and student, learning from its own previous iterations [120].
In this case, the objective is to compress the knowledge acquired by the model

during training into a smaller and more efficient model.

Overall, KD is a powerful technique for knowledge transfer that can enhance the
performance of smaller models. The ability to handle heterogeneous structures, as
well as the use of multiple teachers, opens up new possibilities for improving the

performance of models in various applications.

2.2.5 Knowledge Amalgamation

Knowledge Amalgamation (KA) [121-123] refers to a technique for creating a single
student model that can address the inclusive collective goal of various teacher
models. KA is an evolution of Knowledge Distillation (KD) that allows for an
arbitrary number of teacher models to be combined, each of which implements a

specific task.

We define knowledge amalgamation in terms of an incremental task-learning sce-

nario as follows:

Definition 2.9 (Knowledge Amalgamation). Suppose there are N teacher models
t¥, that have been trained to perform specific tasks Tj. Let D; represent the set
of classes that each teacher model ¢; can handle. Without sacrificing generality,
it is assumed that D; # D; for Vi # j, meaning that each pair of teacher models
handles different tasks. The main objective of knowledge amalgamation is to create
a compact single-head student model that can simultaneously classify all classes
in D = UY,D;. By doing so, the knowledge extracted from each teacher model is

amalgamated into a single student model, which is able to handle various tasks.

The post-processing mechanism of knowledge amalgamation offers increased flexi-
bility compared to current continual learning techniques since each teacher model

can be separately developed for a particular task. This allows their knowledge to
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be merged into a student model without sacrificing generalization ability. Essen-
tially, KA consolidates insights from numerous teachers to generate a single student

model that outperforms any individual teacher.

2.2.6 Pseudo-labeling

Pseudo-labeling [124, 125] has emerged as a recent driver for more accurate UDA
procedures. The basic idea behind pseudo-labeling is to generate synthetic labels
for unlabeled samples, which can then be added to the training set. By doing this,
confident unlabeled data can be used to augment the limited labeled data available

for the target domain.

To perform pseudo-labeling for domain adaptation, the source domain data is usu-
ally used as a pseudo-label generator for the target domain data. Specifically, a
pre-trained classifier on the source domain data or a similar dataset, such as Im-
ageNet [126], is used to generate pseudo-labels for the target domain data. This
process often involves several steps, such as feature separation [127], regularization

[128], fine-tuning [129], and more.

While pseudo-labeling can be effective in improving the performance of domain
adaptation models, it can also introduce noise into the training data. This noise
can be caused by miss-synthetic labeling, which can harm the model’s predictive
performance. As a result, several approaches have been proposed to mitigate the
effects of noisy labeling. One approach is to explicitly re-evaluate and correct wrong
labels [130]. Another approach is to focus on better-unlabeled sample selection via
models’ confidence, which can help filter out samples with potentially incorrect
labels [131, 132]. Finally, some works propose objective functions that are tolerant
to labeling noise, allowing the model to learn from noisy training data while still

maintaining good performance [133].

Overall, pseudo-labeling has shown promise as a technique for improving UDA,
but careful consideration must be given to the potential for noise in the synthetic
labels.
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2.3 Preview of the work

This report contain three main contributions to the area of lifelong learning, de-
tailed in the following chapters. Although each one uses transfer learning tech-
niques, they are used into three unconnected different ideas that ties together the

area’s landscape for a future common step forward.

At chapter 3, the autonomous cross-domain conversation (ACDC) framework is
presented, where transfer learning - mainly unsupervised domain adaptation - is
put forward to put deep neural network as probable solutions for the online un-
supervised cross-domain adaptation problem. In other words, this work is able to
perform real-time unsupervised domain adaptation in an non-stationary environ-
ment, adapting the structure of the network for incoming concept drifts. Contrary
to other previous solutions that rely heavely on random forests and assembles,

ACDC brings forward deep neural networks as its main solver.

At chapter 4, the catastrophic forgetting solution via knowlege amalgamation
(CFA) is put forward, showcasing a novel transfer learning method - knowledge
amalgamation - as a possible solution for the class-incremental learning. Here,
transfer learning is used in the continual learning scenario to accumulate and adapt
to new incoming knowledge. Until the moment, memory-based approaches have the
best performance in terms of average accuracy among all continual learning mod-
els. CFA exploit such fact to record not only previous samples, but also previous
specialist models - called teachers - which are used to amalgamete their knowl-
edge into a common student model. Different from the ACDC problem, CFA is
not so worried about a real-time learning, being able to expend more computation
power in a solution that aggregates knowledge from different classes into a single

multi-head model.

Finally, at chapter 5, cross-domain continual learning (CDCL) is introduced, show-
casing logic connections to ACDC. Here, transfer learning is also used to learn
multiple domains together in an unsupervised manner; However, instead of being
worried about the problem of concept drifts generated via non-stationary real-time
distributions, CDCL handles the problem of catastrophic forgetting in a scenario
where incoming new knowledge is presented in a known time interval. CDCL is,
until the moment, the only unsupervised cross-domain continual learning model,

capable or learning multiple incremental domains simultaneously.
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This report is organized as follows:

All three contributions are pieces of a bigger puzzle, discussed at chapter 6.



Chapter 3

Online Unsupervised

Cross-Domain Adaptation

The task of online unsupervised cross-domain adaptation is highly complex and
challenging, as it necessitates learning from two distinct but related data streams
with varying feature spaces. In this setting, the labeled source stream and the
unlabeled target stream exhibit distinct traits and encounter challenges, such as a
shift in covariate distribution, asynchronous concept shifts, and divergent data pro-
cessing rates. To overcome these challenges, we propose ACDC, a novel adversarial
unsupervised domain adaptation framework that leverages a self-evolving neural

network structure.

ACDC comprises three modules that are integrated into a single model. The first
module is a denoising autoencoder that extracts features from data, while the sec-
ond module is an adversarial component that performs domain conversion. The
third and final module is a discriminator that learns the source stream and pre-
dicts the target stream. ACDC is highly flexible and expandable, requiring minimal
hyperparameter tuning. Our experimental results, based on the prequential test-
then-train protocol, demonstrate that ACDC outperforms baseline approaches in
terms of target accuracy. In some cases, ACDC improves target accuracy by more
than 10%, providing a novel approach to address the challenges of online unsu-

pervised cross-domain adaptation by leveraging both labeled and unlabeled data

33
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from multiple sources to enhance predictive models’ performance. Source-code:

github.com/Ivsucram/ACDC!

3.1 Introduction

In numerous data stream domains, including but not limited to classification, re-
gression, and clustering, data mining and machine learning methods have accom-
plished remarkable outcomes [27]. These techniques have allowed us to extract valu-
able insights from vast amounts of data, enabling a wide range of applications, from
recommendation systems to fraud detection and personalized medicine. Nonethe-
less, several incremental learning approaches presuppose that the training and test
data originate from identical probability distributions [20]. In other words, they
assume that the data generating process does not change over time. In practical
settings, this assumption is frequently contravened, as data streams may exhibit
dynamism and non-stationarity. For example, a model trained to classify spam
emails might become less accurate over time as spammers adapt their tactics. As
the distribution undergoes changes, the majority of statistical models necessitate
reconstruction using fresh training data that has been gathered [44]. This process
can be expensive or even impossible in some applications, especially when the data
is scarce, costly, or difficult to collect. Moreover, rebuilding the model can cause
a delay in the decision-making process, which can be unacceptable in time-critical

applications, such as fraud detection or autonomous systems.

In numerous instances of continuous operations, utilizing unsupervised cross-domain
adaptation online can prove to be extremely advantageous. For instance, the In-
ternet of Things (IoT) has led to an explosion of data streams, posing a significant
challenge to the field of streaming mining. Initially, a forecasting model can be
constructed using only one occurrence of an application, in which an oracle or an
algorithm that operates offline delivers input on the accurate classification labels.
However, duplicating this procedure for every fresh occurrence can consume a lot
of time and money, thereby rendering it more feasible to automatically harmonize
the distribution between an already labeled source stream and a new unlabeled
target stream. This real-world scenario presents five significant challenges when

introducing a new stream model:

!Paper published in the Knowledge-based Systems Journal, 2022
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1. The first challenge is the scarcity of labeled samples in the new unlabeled
stream [134]. In many cases, labeling the data in the new stream is diffi-
cult or even impossible, making it challenging to apply supervised learning

techniques.

2. The second challenge is the difference in the feature space or marginal prob-
ability distribution between the initial predictive model and the new stream
[116]. The new stream may contain features that were not present in the orig-
inal model or features that have a different distribution, making it necessary

to adapt the model to the new feature space.

3. The third challenge is the covariate shift, which occurs when the data are
drawn from a different distribution than the one used to train the initial
model [115]. This shift can lead to a decrease in the accuracy of the model

and must be addressed to ensure the model’s performance in the new stream.

4. The fourth challenge is the asynchronous drift, which occurs when both
streams undergo independent drifts over time [44]. The model must adapt to

these changes and update its parameters accordingly to maintain its accuracy.

5. The fifth challenge is the contrasting throughput, which happens when the
two streams generate samples at different speeds. This difference can lead to
an imbalance in the amount of data from each stream and must be addressed

to ensure that the model remains unbiased.

The prequential test-then-train approach poses an additional challenge for online
transfer learning models, requiring accuracy evaluation on a test set before incorpo-
rating new data into the training set [135]. While existing online transfer learning
methods have demonstrated the ability to overcome the five challenges mentioned
above [51, 60, 61, 136], it is assumed that the origin and destination streams be-
long to a common domain. Hence, they engage in supervised or semi-supervised
domain adaptation to address cases where there is some prior knowledge of the
target domain. In contrast, online unsupervised cross-domain adaptation seeks
to harmonize the distribution of several related data streams without any initial
understanding of the target domain. This task is more challenging but has the
potential to address many real-world applications. To date, only a few studies,
such as Li et al. [66] and Tao et al. [67], have tackled this issue. Nonetheless, their

proposed remedies hinge on the utilization of support vector machines (SVMs),
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which possess constraints in managing high-dimensional quandaries in contrast to

neural network-oriented methodologies.

The Adversarial Unsupervised Cross-Domain Adaptation (ACDC) is a novel frame-
work that aims to address the challenges of online unsupervised cross-domain adap-
tation in a multi-stream setting. The system is built on a comprehensive, self-
adapting neural network architecture capable of managing diverse data streams,
including two types of constantly changing data streams in separate fields with
distinct characteristics. In this configuration, a single stream possesses abundant
labeled data and is known as the source stream. The other stream, referred to as
the target stream, is an independent process that generates unlabeled data. The
goal of the ACDC framework is to align the distribution of the two streams and
adapt the model to the target stream without any labeled data in the latter.

The ACDC framework comprises three modules: a generator network (DAE),
an adversarial domain-adaptation network (DAA), and a discriminator network
(DISC). These modules work together to adapt the model to the target domain,
which generates unlabeled data. The generator network takes as input the data
from the source and target streams and generates a set of latent features that are
common to both domains. The adversarial domain-adaptation network takes the
generated latent features as input and determines whether they come from the
source or target domain. The network further enforces a domain-invariant con-
dition through a gradient reversal layer [1] to make the latent features suitable
for both domains. Finally, the discriminator network learns a map between the
domain-invariant latent space and the annotated labels received from the source

domain, which are expected to behave similarly to the target domain.

All three modules of the ACDC framework have an independent self-evolving struc-
ture. This flexible architecture enables each component to respond proactively to
asynchronous alterations in both source and destination distributions. The self-
evolving structure of the ACDC framework enables it to adapt to new data streams
and maintain its performance over time. Specifically, the framework can adjust its
architecture and parameters dynamically, depending on the characteristics of the
data streams. This adaptation enables the model to solve the five challenges of on-
line unsupervised cross-domain adaptation, namely the scarcity of labeled samples
in the target stream, different feature spaces or marginal probability distributions,

covariate shift, asynchronous drift, and contrasting throughput.
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To be more specific, ACDC deals with each challenge as follows:

o Scarcity of labeled samples: Handled by the domain latent invariant space
in DAE and the final prediction by DISC. By generating domain-invariant
latent features that are suitable for both domains, the ACDC framework can
make accurate predictions even in the absence of labeled data in the target

stream.

e Different feature space or different marginal probability distribution: Tackled
by DAA, which forces an aligned feature distribution into DAE’s latent space
via a gradient reversal layer. This technique enables the ACDC framework
to learn domain-invariant features that are suitable for both domains, even

when the feature spaces or marginal probability distributions are different.

e Covariate shift: Resolved mainly by the domain adaptation procedure in
DAA. By adapting the model to changes in the data distribution overtime
via the DAA module, the ACDC framework can maintain its performance

even in the face of covariate shift.

o Asynchronous drift: Addressed by all modules’ dynamic structures. The
self-evolving structure of the ACDC framework enables it to adjust its archi-
tecture and parameters dynamically, depending on the characteristics of the
data streams. This adaptation empowers the ACDC framework to react ac-
tively to changes in the source and target distributions, even in the presence

of asynchronous drift.

e Contrasting throughput: Unfolded by the ACDC learning flow, which pairs
and permutes incoming samples into processing sliding windows. By pair-
ing and permuting incoming samples, the ACDC framework can balance the
throughput of the source and target streams and ensure that the model re-

mains unbiased.

The ACDC framework represents a significant contribution to the field of online un-
supervised cross-domain adaptation. It highlights the potential of neural networks

as a solution to this problem and comprises several innovative features, including;:

e A novel framework: The ACDC framework is a novel approach to online

unsupervised cross-domain adaptation that leverages the power of neural
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networks to align the distribution of multiple data streams. This framework
represents a significant advance in the field of online learning and has the

potential to address many real-world applications.

e A fully autonomous data-driven structure: The ACDC framework com-
prises a fully autonomous data-driven structure that can grow and prune
nodes on the three training modules. This structure enables the model to
adjust its architecture and parameters dynamically, depending on the char-
acteristics of the data streams. This adaptation empowers the ACDC frame-
work to react actively to changes in the source and target distributions, even

in the presence of asynchronous drift.

¢ Domain-adversarial bias-variance trade-off: The ACDC framework em-
ploys a domain-adversarial bias-variance trade-off tracker to adapt the dis-
criminator to possible concept drifts. This approach enables the model to
maintain its performance over time by balancing the trade-off between over-

fitting to the source domain and underfitting to the target domain.

e Domain-adversarial network learning: The ACDC framework integrates
a domain-adversarial network that learns an online unsupervised cross-domain
configuration. This network enables the ACDC framework to generate domain-
invariant features that are suitable for both domains, even in the absence of

labeled data in the target stream.

3.2 ACDC

The ACDC model is an unsupervised adaptation framework designed for online use
across multiple domains. It employs adversarial training to extract deep network
representations that are invariant across domains. Adversarial UDA methods have
been shown to have good target-domain accuracy [137], and ACDC capitalizes on
its achievement by utilizing its domain-adversarial adaptation module (DAA) to
collect data from both the source and destination streams. The system has the ca-
pability to detect slight variations in data distribution and inform its discriminator
DISC about potential drifts while simultaneously achieving a domain-agnostic fea-

ture extraction on DAE. Additionally, ACDC carries out all of these functions in a
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F1GURE 3.1: The proposed ACDC architecture. It includes the modules DISC
and DAA, which extend from the latent space of the third module DAE. The
architecture allows for the dynamic growth and pruning of the latest hidden layer
of each module.

unique adaptive model, allowing it to adjust to fluctuations in the data distribution

as they occur.

An overview of ACDC’s structure is depicted in Figure 3.1, which illustrates the
framework’s architecture and information flow. Figure 3.3 provides a detailed view
of the information flow within the ACDC framework, while the procedural steps

are depicted by Algorithm 1.

The ACDC learning algorithm comprises of three neural network components,
namely, feature extraction, domain-adversarial adaptation, and discriminator, all
of which encompass two primary stages, that is, adaptation and learning. During
the adaptation phase, the ACDC framework grows and prunes nodes, adjusting
its architecture and parameters dynamically based on the characteristics of the
data streams. The ACDC framework gains the ability to respond promptly to

modifications in the source and target distributions, even when asynchronous drift
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FI1GURE 3.2: The suggested ACDC information flow. The solid, blocky arrows
signify the feed-forward flow, while the dashed line arrows represent the back-
propagation flow. It is noteworthy that DAA conducts a gradient reversal layer
(GRL) on DAE, as per Ganin and Lempitsky [1].

is present, through this adaptation. In the learning phase, the ACDC framework
utilizes conventional feed-forwarding and back-propagation methods for neural net-
works to adjust its weights and biases. This process enables the model to learn

from the data and improve its accuracy over time.

3.2.1 Parameter learning

The ACDC framework is a set of three loss functions that are both simple and

effective in achieving the desired results. The three functions are:

e Lpag, which is a combination of mean-squared error loss between the recon-
structed source and target samples z, and z;, respectively. This is shown in

Equation (3.1).

e Lpaa, which is a combination of binary cross-entropy loss between the binary
flags d, and d}, which indicate the origin of the source and target domains,

respectively. This is shown in Equation (3.2).

e Lprsc, which is the multi-class logarithmic loss between the model prediction

s and the source samples y,. This is shown in Equation (3.3).
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Algorithm 1: ACDC
Input: Fully labeled source stream Dg, unlabeled target stream Dr
Output: Predicted labels for the target stream Y,

while samples exist in both Ds and Dy do
Read N,, incoming samples from Dg and Dy into Wg and Wr;

Predict target stream labels by passing W through the discriminator
module: Wp — YT;
Handle contrasting throughput by pairing and permuting Ws and Wr to
W§ and W
\\where & is the number of internal epochs
for 1 <+ 1 to x do
foreach x, ys, z; in (W{, W) do
if i+ == 1 then begin Adaptation: \\Sub-section 3.2.2
Evaluate DAE on x; — 2y, vy — xy;
Evaluate DAA on x5 — 0, x; — 1;
| Evaluate DISC on x5 — ys;
begin Learning: \\Sub-Section 3.2.1
Fit DAE on xs — x4, v; — x5 using the loss function in
Equation (3.1);
Fit DAA on x4, — 0, xy — 1 using the loss function in Equation
(3.2);
| Fit DISC on x5 — y, using the loss function in Equation (3.3);

»CDAE == Emse(-i'm xt) + »Cmse(i't? Is) (31)
Lpaa = Liog(d,,0) + Lipg(dy, 1) (3.2)
Lprsc = ﬁlog(gsv ys) (33)

The loss functions for mean-squared error and multi-class logarithmic loss are rep-

resented as L,se and Lo, correspondingly.

In order to address the challenge of inconsistent throughput, a permuted paired

sliding window is utilized to allocate the samples. The training process involves
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implementing a standard stochastic gradient descent (SGD) technique with a spe-
cific learning rate \ on sets of source and target samples. The network parameters?

are updated as shown in Equations (3.4), (3.5), and (3.6).

OLpar  OLprsc  9Lpaa
edae = Hdae a )\< aedae * aHclae a aedae ) <34>
OLpaa
0 aa (9 aa ~ /\ 35
doa U aedaa ( )
ILprsc
desc — Hdzsc )\Wm (36)

The DAE utilizes a generative loss function that utilizes mean-squared error to
tackle the difficulty of disparate feature spaces across the streams. For each input
sample pair, a one-epoch greedy-layer-wise pre-training is carried out without noise,
as suggested by Bengio et al. [138], followed by conventional tied-weight training

with a masking noise rate of 10%.

Conversely, training for DAA and DISC involves the utilization of the multi-class
logarithmic loss. In addition, DAA employs a gradient reversal layer (GRL) [1]

transformation at 4., as shown by Equation (3.4).

3.2.2 Module adaptation

The ACDC relies on data and has the ability to evolve on its own, based on
incoming data, that adapts to handle asynchronous drift in the data stream, guided
by its active drift detector. The framework uses various methods to analyze and
approximate the model’s generalization power, as well as detect situations of under-

fitting or over-fitting. Figure 3.3 provides an overview of this process.

Initially, the framework scrutinizes the DAE module’s reconstruction error and

the DAA and DISC modules’ discriminative error to detect plausible problems.

2For brevity of notation, we will refer to (Waae, ba, bb) as 0aae; Waaa, s Waaags be, ba) as Qaaa,
and (Wdisc17 Wdi5027 b67 bf) as edisc-
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FiGure 3.3: This figure displays how ACDC’s evolution process works. A
module hidden node is either created or removed based on specific conditions.
The sample z;, which represents a sample calculated at time ¢, can originate from
either Xg or Xp. If the sample comes from Xg, it is used to determine whether
DISC, DAE, and DAA should evolve. If the sample comes from Xp, it is used
to evaluate whether DAE and DAA should evolve. DISC cannot assess its own
evolution using samples from X7 as it requires access to Y, which is currently
unknown. Equation (3.10) specifies this requirement. The green block represents
a node being created, while the red block represents the least significant node
being pruned.

Afterwards, it estimates the model’s generalization ability by performing its bias-
variance decomposition, indicating the circumstances of high bias (under-fitting)

and high variance (over-fitting).

ACDC uses the sigmoid function o( -) for all its activation functions. This makes
it easier to approximate the model’s generalization by using a probit function
B(EX) = [*_N(0]0,1)df, where € = 7/8 [139].

Eljlpar = 0( Wiae + ba> Wi+ by (3.7)

Y
V1+

0

1+ 7

E[@]DAA =0 0( Wdae + ba) Wdaa1 + bc Wdaag + bd (3‘8)

0

Elylpisc = o 0<—
To2
Vit

Wdae + ba) Wdiscl + be WdiSCQ =+ bf (39)
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where 11 and o2 are respectively the mean and variance of the samples fed, and 4 is
the expected output. The integral of the probit function is then used to measure

the module’s bias and variance:

Bias + Var = (E[g]* +vy) + (E[§°] + E[9]*) (3.10)

ACDC employs a modified statistical process control (SPC) algorithm to determine

the conditions for module growth and pruning [54]:

B = ay(—Bias) + as (3.11)
A=2x%(aq(—Var)+ as) (3.12)

Growing condition: figigs + Oias > Hhr + B % opin (3.13)
Pruning condition: py4, + oyar > u’{}ﬁ + A % a%’ﬁ (3.14)

The values of 5 and A are carefully chosen to enable flexible growing and pruning
conditions for each module in the ACDC architecture. By setting these values, a
confidence interval is achieved in the range of [u 4 o, 4 20] and [p £ o, £ 30] for
the growing and pruning conditions, respectively. The hyper-parameters oy and as
control these conditions. This setup is designed to provide a node growing process
that is sensitive to the high-bias case, while the node pruning process is reactive

to the high-variance situation.

It is worth noting that A is set to double 8 to avoid a scenario known as ”direct-
pruning-after-growing,” which can occur when the pruning condition is triggered
immediately after a new node is added to the module. Additionally, the values of
i gmin it and o are re-initialized if the growing or pruning conditions

are met.

Every individual module within the ACDC framework has the ability to adjust

autonomously, persistently expanding or removing nodes from the final layer prior
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to its output. This process is illustrated in the color scheme in Figure 3.1. If a
condition due to low capacity or drift detection is met, a new node is added to the
respective module using Xavier’s initialization [140]. This increases the module’s
capacity and reduces its bias. In the absence of drift, the bias of the network ought

to reduce or maintain a consistent level.

In contrast, should the pruning criterion be fulfilled, the least significant hidden
unit * will be eliminated, taking into account its anticipated level of activation.
This process is carried out by minimizing o(-) over all hidden R nodes in the

module’s last layer, using the equation:

r
*

— i K
r*= min o

r=1,...,R / 2r
1 + WUT

the module’s last hidden layer comprises of R nodes, with W representing the

W'+ b (3.15)

weight and b representing the bias. The objective of pruning is to reduce the
module’s capacity and mitigate over-fitting. It is noteworthy that if the value of
r* is small, it indicates that the corresponding hidden node plays a minimal role
in generating the module’s output and can be pruned without causing substantial

accuracy degradation.

Each module in the ACDC has a distinct goal function, so their growing and
pruning conditions activate at different times in response to various drift levels.
Additionally, any modification to the hidden layer of the DAE’s encoder affects
DAA and DISC, as the encoder is shared within the ACDC structure. To tackle
this issue, ACDC includes an optional hyper-parameter called x which decides the
number of internal epochs that ACDC can carry out. ACDC still adheres to the
prequential test-then-train protocol, which means that it does not revisit a sample
after completing a batch. However, within the same batch, the first internal epoch
functions as a drift detection and adaptation epoch, while the following internal
epochs are solely learning iterations. This technique allows the network to learn
more efficiently under the new configuration. A batch is a collection of N, samples
that are assigned to sliding windows Wg and Wrp, such that Wg and W may have
different sizes but add up to N,,.

In addition, DAA’s loss function enables it to identify asynchronous shift with
greater nuance, and ACDC exploits this benefit by indicating DISC to add a node
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whenever DAA’s expansion criterion is triggered. This approach enhances DISC’s
adaptability to variations in the source and target distributions, as confirmed by
the ablation analyses. In the event that the compelled expansion signal from DAA
to DISC causes any damage to the latter, DISC will promptly correct the issue by

initiating its pruning criteria.

Ultimately, regarding the starting quantity of concealed nodes, DAA and DISC
commence with one node in their covert layer, while DAE sets off its hidden layer
with u/2 nodes, where u represents the feature vector size or feature dimension-
ality. Therefore, the standard practice is to opt for u/2 as the initial number of
hidden nodes, which furnishes ample compression capacity and learning speed for

a denoising autoencoder.

3.2.3 Cross-domain adaptation theoretical analysis

Many approaches bound the target error by the sum of the source error and a
notion of distance between the source and the target distributions to tackle the

challenging domain adaptation problem, as described by Theorem 2.1.

We assume in Theorem 2.1 that the hypothesis class H is a (discrete or continuous)
set of binary classifiers n : X — [0,1], which represents the source and target
domain streams. The H-divergence relies on the capacity of the hypothesis class H
to distinguish between examples generated by Ds from examples generated by Dr.
For a symmetric hypothesis class H, one can compute the empirical H-divergence

between two domains Dg and D using Equation (2.5).

ACDC aims to address two key challenges in the target stream: the lack of labeled
samples and covariate shift. Our approach involves utilizing a dynamic domain-
invariant network to acquire a model that can generalize well across multiple do-
mains. To prevent the neural network’s internal representation from encoding any
discriminative knowledge about the input’s original domain, we utilize a simplified
domain-adversarial classifier [1]. The classifier, represented by a logistic regressor
DAA : RP — [0, 1], estimates Equation (2.5) and is responsible for cross-domain
adaptation. It is worth noting that the proposed method leverages the domain-

adversarial classifier to perform feature extraction and adapt to the target domain’s
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changing statistics. Equation (3.16) describes the loss function for our approach,

where we optimize the parameters édae, édisc, and 044,

E<0dae> edisca adaa - Z ED[SC 9dae7 Hdisc)

N
1 Al
- Z *CDAA Qdaev edaa) - N——TL i:;|—1 EDAA(edaev Gdaa) (316)
(édaea édisc) - argmm E<8dae7 edisa édaa) (317)
edae’edisc
édaa = argmax E(édaey édism gdaa) (318)
adaa

Thus, the optimization problem at hand requires minimizing certain parameters

while maximizing others.

3.3 Experiments

The evaluation of ACDC is thoroughly conducted using a comprehensive series of
experiments that involve 11 datasets, resulting in 26 distinct experiments. These
experiments evaluate ACDC’s performance under various conditions, such as dif-
ferent types of concept drifts, sensitivity to different hyperparameters, and perfor-

mance under sub-optimal GPU conversion.

To evaluate ACDC’s ability to adapt to different concept drifts, we design exper-
iments that simulate different scenarios where the data distribution changes over
time. Specifically, we consider scenarios with abrupt, gradual, and incremental
drifts, each with different magnitudes and rates of change. Additionally, we evalu-
ate ACDC’s performance under sub-optimal conditions, such as low GPU memory
and reduced computational resources, to assess its robustness and real-world ap-

plicability.
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To understand the impact of hyperparameters on ACDC’s performance, we con-
duct experiments with varying hyperparameter values and analyze the resulting
performance metrics. This allows us to fine-tune the model’s hyperparameters to

achieve optimal performance.

Furthermore, to analyze the individual contributions of each of ACDC’s modules,
we conduct an ablation study that dissects the model’s performance with and with-
out each module. This analysis provides insight into the role and importance of
each module in the online cross-domain adaptation problem. Overall, the com-
prehensive set of experiments conducted provides a detailed evaluation of ACDC’s
performance and robustness, allowing us to draw meaningful conclusions about its

suitability for real-world applications.

3.3.1 Setup

The evaluation was conducted on a Windows 10 computer equipped with an Intel
Core 19-9900K processor operating at 5.0 GHz and 32GB of primary memory.
Three instances of ACDC were contrasted against the benchmarks, with the values
of k being 1, 3, 5, corresponding respectively to the models ACDC-1, ACDC-3 and
ACDC-5. Each instance had a sliding window size of N,, = 1000, a learning rate

of A =0.01, and a momentum rate of n = 0.95.

For all trials, a; = 1.25 and as = 0.75, except for CIFAR10<+STL10 where a; =
1.45 and ap = 0.95. This allowed for appropriate overfitting /underfitting regulation

in a densely populated feature domain.

Simultaneously, the benchmarks were executed following the default settings de-
scribed in their respective publications. However, minor alterations were applied to
MSC and FUSION, which only received ten samples during their warm-up phase.
These adjustments were implemented after multiple tests to ensure that the bench-

marks were not unfairly disadvantaged compared to ACDC.

3.3.2 Benchmarks

Table 3.1 enumerates the datasets used in our experiments. Each of these datasets

consists of real-world data and is publicly accessible.
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Dataset Features Classes Samples
MNIST(MN) 784 10 70,000
USPS(US) 256 10 9,298
CIFAR10(CF) 512 9 54,000
STL10(ST) 512 9 11,700
London Bike(LD) 8 2 17,414
Washington Bike(WA) 8 2 18,110
Amazon@Beauty(AM1) 300 5 5,150
Amazon@Books(AM?2) 300 5 500,000
Amazon@Industrial(AM3) 300 5 73,146
Amazon@Luxury(AM4) 300 5 33,784
Amazon@Magazine(AMb5) 300 5 2,230

TABLE 3.1: The attributes of the datasets.

MNIST (MN) «+ USPS (US): These datasets include grayscale images of hand-
written digits from various sources, with 10 shared classes. The USPS dataset [141]
has 9,298 images sized 16x16, and the MNIST dataset [142] contains 70,000 images
sized 28x28. We resize all images uniformly, with US—MN images being 16x 16
and MN—US images being 28 x28.

CIFAR10 (CF) +» STL10 (ST): Full-color images for training recognition mod-
els are found in these datasets. From each set, we remove a distinct category that
does not intersect with the other set. CIFAR10 dataset [143] has 54,000 usable im-
ages (32x32), while the STL10 [144] contains 11,700 usable images (96x96). All
samples undergo feature extraction from images by a ResNet-18 [28] model that

has been pre-trained on ImageNet [126].

Amazon@X (AM): The sentiment dataset from Amazon.com [145] encompasses
various domains and features X as the product category. Out of the many prod-
uct types available, we randomly selected five, among which two had comparable
contexts, while one was dissimilar. The characteristics of the raw review text are
obtained by utilizing the mean aggregated result produced by Google’s pre-trained

word2vec model, which has been trained on 100 billion words [146].

London (LD) <> Washington (WA): These tabular datasets [147, 148] describe

bike-sharing practices in London and Washington D.C. We preprocess the features
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to ensure consistent information representation across both datasets?.

We simulate abrupt concept drifts in these datasets, with the exception of LD+»WA
— which displays genuine displacement caused by its inherent characteristics, using
a scaling hyperplane method. Following a specific time instance, each data point is
transformed into z; = (d, x x;)/||z||, where d, € [0, ...2)* is a randomly generated
concept drift vector. The number of concept drifts in the stream is represented
by z, with z = 5 for source streams and z = 7 for target streams, necessitating
asynchronous drift during sample throughput?. Finally, d; = 1 for source and
target streams, and adjacent d, are generated using fixed pseudo-random seeds to

ensure fair comparison between baselines.

3.3.3 Baselines

We opted for a set of baseline methods that provided their source code online, in-
cluding ATL [51], FUSION [61], Melanie [63], and MSC [60]. To handle contrasting

throughput, we modified their respective codes®.

In order to incorporate a varying throughput data-stream scenario into the bench-
marks, we adapted ACDC and each baseline method to account for a specific ratio
of source to target samples. The ratio is given by (ns—nwy)/(ns+nr—nws —nw;.).
In this formula, ng, ny, nw,, and ny,. represent the total number of source and
target samples and the number of source and target samples already received, re-

spectively.

As the data-stream progresses, the incoming ratio is continually updated with each
new sample. This ensures that the system can accommodate and respond to the
fluctuating data throughput, making the evaluation of the baseline methods more

realistic and informative.
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S(:Eu’;fj“?i‘;;ct MSC (%) ATL (%)  FUSION (%) Melanie (%) | ACDC-1 (%) ACDC-3 (%) ACDC-5 (%)
MN  US 46.83 £ 029 *54.18 & 4.50  24.39 £ 1.87 1067 +£0.00| 53424092  *56.57 & 2.27 *59.12 + 4.62
US  MN 0919 +£ 048 2182+ 551 1649+ 1.04 1320 £ 0.00| 41.16 & 1.54 *48.21 + 1.28 *48.71 + 1.14
CF ST |*50.50 + 1.57 17.02 £ 235 1900 + 147 1122 = 0.00 | 42.34 £443  43.38 & 2.63  36.73 &+ 2.72
ST CF 36.60 £ 0.31  19.39 £ 0.30  17.80 & 0.82 11.20 & 0.00 | *44.00 + 1.66  *42.86 £ 126  37.79 £ 1.50
LD WA 65.73 £ 028 06425 £ 096  63.05 £ 243 63.0L £ 0.02| 66.9L £ 0.0l *69.73 £ 0.01  69.35 + 0.01
WA LD 60.17 £ 0.06  65.06 =020  51.92 4073 62154001 | 6449 £ 001 *66.22 +0.01  65.62 & 0.02
AMI  AM2 | *62.56 & 0.04 50.37 + 0.45 *62.60 + 0.01 14.71 £ 0.01 | *62.55 + 0.25 *62.41 & 0.21 *62.62 + 0.12
AM3 | 72.50 £ 0.03 6927 & L84 72.53 £ 0.00 26.58 &= 0.01 | *72.98 £ 0.00 *72.98 £ 0.00 *72.98 = 0.00

AM4 | 5778 £0.01 5588 £ 213  57.07 £0.66 952 & 0.02 | *60.25 £ 0.02  60.24 + 0.02 *60.25 % 0.02

AM5 6387 £ 059 64.87 £ 026 6464 £ 0.00 560+ 0.11 | *71.28 £ 0.15 *71.11 + 0.28  70.96 + 0.23

AMZ  AMI 86.84 &£ 124 6808 + 152  86.06 & 152 4.35 & 0.00 | *88.34 & 0.03 *88.36 & 0.02 *88.33 & 0.04
AM3 | 6729 £299 54.06+993 7128 £0.14 6.89 & 0.01 | *72.58 £ 0.00 *72.58 £ 0.00 *72.58 % 0.00

AM4 | 53324061 4750 £7.77 541l £ 1.23 410 & 0.00 | *57.95 + 0.02 *57.96 + 0.01 *57.95 + 0.01

AM5 | 60.51 £ 299 5848 +3.24 *64.63 + 0.00 3.62 & 0.01 | *64.57 £ 0.07 *64.60 + 0.03  64.51 + 0.03

AM3  AMI | 88.35 + 0.00 8692+ 272  87.78 £ 0.00 840 £ 0.00 | *88.78 + 0.00  88.77 + 0.00  88.77 + 0.00
AM2 | 6199 £ 0.15 52.83 + 383 6257 £ 0.02 13.39 & 0.02 | *62.67 & 0.00 *62.67 + 0.00 *62.67 = 0.00

AM4 | 5781 £000 55744191  57.71 £0.04 567 4 0.01 | *58.65 £ 0.02 58.63 + 0.01  58.63 + 0.03

AM5 64.64 £ 0.00 6411 +027 6464 £ 0.00 3.65+ 0.01 | *65.25 + 0.12  65.15 + 0.09  65.11 + 0.03

AM4  AMI 86.55 = 141  73.66 = 15.7  88.35 £ 0.00 1340 % 0.01 | *89.08 £ 0.02  88.76 &£ 059 *89.06 % 0.02
AM2 | 47414+ 172 4851 +£210 62.49 £ 0.07 14.10 £ 0.00 | 62.28 + 0.89 *62.73 + 0.00 *62.73 + 0.00

AM3 | 5622 4£263 59.94 £ 101 72.53 £ 0.00 2046 =001 | 72.94 £ 0.21 *73.05 £ 0.00 *73.04 = 0.00

AM5 | 6444 £021 5498 £525 6464 £0.00 3.90 & 0.01 | *65.34 £ 0.08 *65.40 + 0.06 *65.40 % 0.09

AM5  AMI 84.87 £ 2.37 79.06 = 1.35  22.32 £ 10.6 57.05 & 0.05 | *90.72 £ 0.03  90.68 & 0.04  90.66 + 0.05
AM2 | 4312 £367 58714+262  GLO4 014 1480 £000| 54894149 6151 £1.39 *62.33 + 0.35

AM3 | 5251 £7.96 71654124 7042 £ 135 27.36 + 0.01 | *73.03 £ 0.00 *73.04 £ 0.00 *73.04 % 0.00

AM4 | 5066+ 4.72 5579 £ 223 5166+ 0.83 10.16 = 0.01 | 58.89 + 0.01 *58.90 + 0.00 *58.90 = 0.00

TABLE 3.2: A comparison of the target accuracy for each experiment.
ically, we conducted five executions of each experiment and present the results
here, in terms of mean and standard deviation of their final obtained target ac-
curacy. Any results that achieved statistical significance with a p-value greater
than 0.05 are indicated with an asterisk (*) for easy identification. The best
result in each experiment is highlighted with bold font, while the second-best is
highlighted with underline font.

3.3.4 Numerical results

Specif-

Positive conclusions can be drawn from Tables 3.2, 3.3, and 3.4. In each trial,
except for CF—ST, ACDC has the ability to attain the utmost target classifi-

cation accuracy rate frequently outperforming the baselines. Although Melanie

and the other baselines show competent performance on various benchmarks, only

ACDC demonstrates a consistent delivery of outstanding metrics, including F1

scores (both macro and weighted)®.

Figure 3.4 provides additional insights by illustrating the changes in the catego-

rization accuracy of ACDC’s origin and destination in the US—MN trial over time.

3As an illustration, instead of utilizing discrete datasets with binary characteristics of ” week-
day” and ”weekend,” preprocessing is employed to ensure the characteristics signify the corre-
sponding information in both datasets.

4 Artificial asynchronous drifts are ensured, as z = 5 and z = 7 are prime numbers

Find these modifications in ACDC’s code repository: https://github.com/Ivsucram/ACDC

5We could not edit Melanie’s code to compute its F1 scores.
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Experiment MSC (%) ATL (%) FUSION (%) | ACDC-1 (%) ACDC-3 (%) ACDC-5 (%)
Source Target

MN Us 4253 £0.54  49.10 £ 1.60 13.67 £ 3.12 51.67 =+ 3.03 58.08 £ 01.05 52.14 + 2.48

US MN 18.43 £ 0.36  23.38 £ 1.60 08.20 &+ 2.63 | 43.68 £+ 1.38 43.72 + 01.75 44.76 + 1.66

CF ST 47.26 £ 7.15 20.00 £ 3.45 13.40 £ 3.02 37.19 £ 1.59 39.29 £ 4.07 40.45 £ 2.78

ST CF 37.18 £ 0.78 17.80 £ 2.74 11.85 + 3.74 | 42.52 + 2.81 43.68 £+ 1.58 40.56 £ 2.39

LD WA 66.55 + 0.43 63.91 £ 3.74 34.69 £ 7.93 65.60 £ 3.17 66.81 +£ 1.35 67.88 £+ 0.32

WA LD 56.00 + 1.75 64.55 £ 0.54 31.93 £+ 5.76 61.22 +£3.24 64.12 £+ 1.41 63.82 + 3.23

AM1 AM2 1540 £ 0.01 17.17 + 0.20 12.93 £ 0.07 15.42 4+ 0.02 15.40 4+ 0.01 15.41 4+ 0.01

AM3 16.81 £ 0.00 18.29 + 0.02 14.24 £ 0.14 16.82 £ 0.00 16.82 £ 0.00 16.82 £ 0.00

AMA4 14.67 £ 0.05 17.04 + 0.02 13.12 £ 0.13 14.71 £+ 0.00 14.71 £+ 0.00 14.71 4+ 0.00

AM5 1577 £0.09 17.85 + 0.01 13.92 £ 0.71 15.69 £+ 0.01 15.69 £+ 0.01 15.70 4+ 0.01

AM2 AM1 18.93 £ 0.25 20.89 + 1.03 17.39 £ 0.28 18.76 £+ 0.00 18.76 £ 0.01 18.76 + 0.01

AM3 18.27 £ 0.40 20.48 + 1.43 14.48 £ 0.53 16.82 £ 0.00 16.82 £ 0.00 16.82 £ 0.00

AM4 18.49 £ 0.37 21.48 + 1.11  15.00 £ 2.30 14.65 £ 0.00 14.65 £ 0.00 14.65 £+ 0.00

AM5 17.75 £ 3.19 22.85 + 0.27 14.16 £ 1.01 15.69 £ 0.01 15.69 £ 0.01 15.70 + 0.01

AM3 AM1 18.76 £ 0.00 19.02 + 0.00 15.62 £ 0.28 18.79 £ 0.00 18.79 £ 0.00 18.79 £ 0.00

AM2 1727 £1.92 18.84 + 0.18 13.20 £ 0.59 15.40 £+ 0.00 15.40 £+ 0.00 15.40 £ 0.00

AM4 14.65 £ 0.00 15.18 + 0.00 14.88 £ 0.75 14.66 £ 0.00 14.66 £ 0.00 14.66 £ 0.00

AM5 | 15.70 £ 0.00 15.68 + 0.00 14.86 +1.02 | 15.69 + 0.01 15.69 + 0.00 15.69 + 0.01

AM4 AM1 | 18.89 + 0.06 18.72 £ 0.00 13.91 4+ 2.34 18.79 £ 0.01 18.78 £+ 0.01 18.78 £ 0.00

AM2 | 19.60 £ 0.00 19.61 + 0.03 13.95 4+ 0.74 15.40 £ 0.00 15.40 £ 0.00 15.40 £ 0.00

AM3 19.00 £ 0.12 19.92 + 0.00 14.48 £ 0.30 16.89 £ 0.13 16.95 £ 0.17 16.88 £ 0.13

AM5 15.75 £ 0.07 17.10 + 0.00 12.88 £ 0.09 15.67 4+ 0.01 15.67 £+ 0.00 15.67 + 0.01

AMb5 AM1 | 18.90 + 1.89 18.14 £ 0.00 08.68 £+ 1.38 18.78 £ 0.00 18.79 £ 0.00 18.79 £ 0.00

AM2 | 17.47 £+ 2.42 17.66 £ 1.11  13.13 £ 0.22 15.80 £+ 0.48 15.47 £ 0.04 15.62 £+ 0.02

AM3 16.37 £ 3.02 17.13 £ 0.00 15.12 £ 0.40 16.82 £ 0.00 16.82 £ 0.00 16.82 £ 0.00

AM4 |16.10 + 1.98 14.88 £ 0.00 14.88 4+ 0.75 14.64 £+ 0.00 14.64 £+ 0.00 14.64 £+ 0.00

TABLE 3.3: The comparison of F1 scores in macro format for each experiment.

Specifically, we conducted five executions of each experiment and present the
results here, in terms of mean and standard deviation of their final F1 macro
score. The best result in each experiment is highlighted with bold font, while
the second-best is highlighted with underline font.

Given the stochastic nature of the incoming data, it is difficult to precisely identify
when the concept drift takes place. However, in our conducted experiment, we
partitioned the source stream into five distinct concepts, and the target stream
into seven. Considering the source stream classification rate, it is evident that
ACDC quickly recovers from concept drifts thanks to its evolution capabilities, ad-
dressing network bias and variance disturbances. The labeled source stream makes
this analysis particularly valuable as it enables us to assess DISC’s adaptability

performance mainly while minimizing any disturbance from DAA.

The CF+ST experiments, as shown in Table 3.2, are curious cases. The feature
spaces became too dense after applying ResNet-18, requiring us to increase oy and
as. However, despite ACDC’s ability to grow and prune nodes during training, it
overfits when k is increased, resulting in a decline in performance when employ-

ing the prequential test-followed-by-training procedure. The following sub-section
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Experiment MSC (%) ATL (%) FUSION (%) | ACDC-1(%) ACDC-3 (%) ACDC-5 (%)
Source Target

MN US| 46554058 5339+ 162 13.67+£3.12| 5583 +£3.04 5273+ 096 56.18 + 2.44
US  MN | 1871+0.34 2462+ 1.62 0924 +285 | 4388+134  43.93+ 1.74 44.97 + 1.65
CF ST |47.26 £ 7.16 2114+ 355 1489 £335| 3710+ 158  39.28 £ 4.08 4044 = 2.77
ST CF | 37.01+054 1802272 1317415 4251+281 43.67 £1.58  40.55 & 2.38
LD WA | 66.56 %043 66.54 £ 00.00 5204+ 11.85| 65.00 £3.16  66.80 & 1.35 67.87 + 0.32
WA LD | 5600+ 1.75 64.16 = 00.00 5134 £4.55 | 6113 +3.24 64.03 + 1.41  63.74 + 3.26
AMI  AM2 | 4820 £0.01 4841 % 0.18 438 £0.10| 48.19£0.02 4819+ 0.02  48.18 =+ 0.03
AM3 | 60.94 + 0.02 6045+ 0.02 60.90 £ 0.07 | 60.98 + 0.00 60.98 = 0.00  60.98 £ 0.00

AM4 | 42344003 4361 +£002 45.07+£6.54 | 5279 £ 0.01 52.79 + 0.01  52.78 + 0.01

AM5 | 5037 +0.36  50.16 +£0.04 4824 + 1.12 | 50.65 + 0.07 50.60 + 0.08  50.72 + 0.05

AM2  AMI | 8243 £0.57 7239 £ 1.05 8158+ 052 | 82.90 £ 0.05 82.86 £ 0.07 82.87 % 0.07
AM3 | 60.05+1.13  47.60 152 57.78 £ 6.33 | 60.98 + 0.00 60.99 + 0.00  60.99 + 0.00

AM4 | 63.80 £2691 4535+ 1.05 44.48 £2.55 | 82.90 £ 0.05 82.86 + 0.07 82.87 + 0.07

AM5 | 4656 + 094  52.76 + 0.22  49.50 £2.42 |  50.65+ 0.07  50.60 £ 0.08  50.72 £ 0.05

AM3  AMI | 8287+0.01 4224 +000 8081+ 143| 83.23 £ 0.03 83.22 = 0.02 83.23 + 0.03
AM2 | 4806086  47.73+0.12 4814 +0.03 | 48.21 + 0.00 48.21 + 0.00  48.21 + 0.00

AM4 | 4235+000 42244000 4189 £0.20 | 42.43 £ 0.01 42.43 + 0.01  42.43 + 0.01

AM5 | 50.75 + 0.00 5056 +0.00  50.60 £ 0.50 |  50.63 + 0.05  50.64+0.04  50.62 £ 0.05

AM4  AMI | 8273 £0.09 7427 £0.00 66.17 = 1624 | 83.20 + 0.07 83.15 £ 0.08 83.12 + 0.04
AM2 | 46.74 + 0.28 4633 +£0.06 48.24 £ 0.88 | 48.21 + 0.00 48.21 + 0.00  48.21 + 0.00

AM3 | 5203+041  5472+£000 60.20 £0.57 | 61.04 + 0.05 61.04 = 0.05 61.02 + 0.02

AM5 | 50.77 + 0.01 4847 +£0.00  47.65 £ 2.87 | 5046 + 0.06 5047 £ 0.04  50.43 £ 0.05

AM5  AMI | 7400 £ 11.50  76.33 £ 0.00  27.73 + 6.04 | 83.14 & 00.02 83.22 & 00.08 83.18 =+ 00.06
AM2 | 41.07+932 48.50 + 1.15 48.24 £ 0.15 | 48.30 + 0.27 48.16 = 0.02  48.22 + 0.02

AM3 | 5131 £ 1091 6037 £0.00 58.97 + 1.30 | 61.00 + 00.00 61.00 + 00.00 61.00 = 00.00

AM4 | 4201054 4190 £0.00 4171 0.85 | 42.23 + 00.00 42.23 + 00.00 42.23 + 00.00

TABLE 3.4: The comparison of F1 scores in weighted format for each experiment.

Specifically, we conducted five executions of each experiment and present the

results here, in terms of mean and standard deviation of their final F1 weighted
score. The best result in each experiment is highlighted with bold font, while
the second-best is highlighted with underline font.

presents an analysis of different values for aq and as.

ACDC implements internal epochs at the granularity of data chunks with a size
of N,, instead of processing the entire dataset, thereby satisfying the demands
of online learning. Discarded are the processed batches, and they are not re-
visited. Nonetheless, enhancing the number of internal epochs £ may not always
enhance the classification rate performance, as observed in most of the experiments
of Amazon@X and, to a smaller degree, the WA<«+>LD experiments that involve a

considerable amount of inherent noise.

Table 3.2 did not feature MSDA and COMC [66, 67] as their source codes were not
accessible to the public. Despite that, the US—MN experiment results published

in their paper exhibit some overlap. Specifically, COMC attains a target accuracy
of 42.37%, whereas MSDA attains 28.72 £ 0.56% and 29.96 £ 0.64%.7. ACDC still

"Results for the different variations of the MSDA method.
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Source and Target Classification Rates
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FIGURE 3.4: The progress of the classification rate (CR) for the source and tar-
get and the approximate positions of concept drift in the US—MN experiment.
The top-left corner displays the final CR achieved in the experiment.

outperforms these results.

3.3.5 Hyper-parameter sensitivity

In order to better comprehend the sensitivity of ACDC’s performance to its hyper-
parameters, we carried out a series of experiments using ACDC-1 on the MN«US

experiments, with the results shown in Table 3.3.5.

The hyper-parameter N,, governs the size of ACDC’s sliding window. Although
the parameter learning procedure for ACDC operates under a tuple (zs, 2, ys), the
samples are initially paired and permuted into new arrays Wg and W7 to handle
contrasting throughput (Algorithm 1, line 4). As a result, a larger sliding window

N,, can better adapt to streams with varying speeds.
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Hyper-parameter | MN — US (%) US — MN (%)
25 48.65 £ 2.64 20.52 £ 8.60
100 48.76 + 1.82 3794 + 1.32
Ny, 250 48.67 £ 2.07 38.33 £ 0.91
500 47.78 + 2.59 38 + 1.03
1000 53.42 £+ 00.42 41.16 = 1.54
1 25.70 £ 3.24 25.75 £ 2.73
I u/b 46.93 + 2.80 38.41 4+ 1.64
dae u/2 53.42 4+ 00.42 41.16 £ 1.54
u 46.93 + 2.48 38.41 + 1.64
(1.05; 0.55) | 00.00 = 00.00  00.00 £ 00.00
(; @) (1.25; 0.75) | 53.42 + 00.42 41.16 £ 1.54
192)(145.095) | 46.68 £ 259  33.68 + 2.30
(1.65; 1.15) 41.07 £ 3.22 32.31 £ 2.10

TABLE 3.5: The comparison of target accuracy for each experiment on ACDC-
1, with variations in the values of hyper-parameters. Specifically, we conducted
five executions of each experiment and present the results here, in terms of mean
and standard deviation of their final accuracy scores.

Another critical factor in learning and adaptation is the network’s initial size.
DISC and DAA can efficiently function with a single initial latest latent node
due to their discriminative generalization power, as shown in Equations (3.9) and
(3.8). However, the choice of the DAE’s latent space size, lgae, is crucial for the
speed at which the model learns, which is vital for incremental learning models.
If [4.e is initialized with only a few nodes, it lacks the capacity to reconstruct the
input samples, resulting in faulty features being passed to both DISC and DAA.
Conversely, if DAE starts with an excessive number of nodes, extracting meaningful

features takes longer, even when extra nodes are continually pruned.

The hyper-parameters oy and a, regulate the inner workings of the SPC algorithm,
which underlies ACDC’s drift detection and dynamically evolving structure. They
modify the confidence interval within which ACDC assesses its bias-variance trade-
off. Generally, higher («;; ag) values result in the network creating fewer nodes,
while lower values trigger the growing condition more frequently. These hyper-
parameters exhibit varying performance on each benchmark, and we discovered
that the pair (1.25; 0.75) acts as a useful guideline, typically yielding average

positive results across datasets.
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FIGURE 3.5: The evolution of Hidden Layer (HL) nodes using various k values
on experiment US—MN. The plots show the average number of nodes per mini-
batch, which is evaluated over a sliding window, as well as the number of nodes
in the final batch.

When aiming for a specific level of precision, certain experiments may reap advan-
tages from a lengthier training period, as evidenced by the data presented in Table
3.2. In this examination, we investigate the impact of increasing the number of

internal epochs (k) on the parameter learning process for ACDC.

Diagrams illustrating the structural progression during the US—MN experiment
can be seen in Figures 3.5a and 3.5b. The former shows the evolution at the
first internal epoch « = 1, while the latter depicts the changes at k = 5. It
should be noted that module adaptation is restricted to the first internal epoch,

but parameter learning occurs in all internal epochs. By setting x > 1, ACDC



Chapter 3. ACDC

o7

enhances its parameter learning by optimizing each batch before moving on to the

next, although this increases the time complexity.

By analyzing Figures 3.5a and 3.5b, we can infer that when x > 1, the experiments

tend to have more pertinent network parameters. This is because they can achieve

comparable or superior performance in the US—MN experiment while utilizing

fewer hidden nodes per module.

3.3.6 Space and Time complexity

Soi’r‘ff“‘;z‘;;t MSC (s) ATL (s) FUSION (s) Melanie (s) | ACDC-1(s) ACDC-3(s)  ACDC-5 (s)
MN  US 8,498 + 395 66,160 = 3210 110 +3 1,002 + 41 4,635 + 12 13,199 + 1,160 23,258 + 1,302
US  MN | 11,587 + 9,111 346 +5  115+4  555+26| 1917+ 109 3,299 + 25 4,926 + 165
CF ST 5900 + 181 1,721 + 245 95 +6 550 £ 64| 1536+ 169 3,636 + 290 4,945 + 109
ST CF | 11437+245 18323+ 171  147+9 LI81£119| 1564 +119 3381+ 280 4,580 + 280
LD WA 2,789 + 40 254 + 3 30 + 0 2+0 2 +7 176 + 1 175 + 2
WA LD 3,124 + 109 262 + 3 3140 240 169 + 13 167 + 10 152 + 10
AMI  AM2 | 58,683 + 1,846 16,936 £ 601 960 + 20 1,243 + 100 | 12,869 + 561 20,780 + 1,447 27,918 + 2,880

AM3 | 13,282 + 1,678 23846  150+18 144 + 4 1,923 + 78 3,824 + 99 5,649 + 53
AM4 | 6,730 + 1,480 201 + 2 68 + 2 59 + 2 870 + 37 1,685 + 74 2,497 + 185
AM5 787 + 43 1341 1140 8+0 120 + 2 242 + 2 361 + 3
AMZ  AMI | 39,527 + 3,411 11,683 527 531 + 37 520 & 13 | 11,305 + 158 22,932 + 1,057 41,645 + 10,019
AM3 | 58,406 + 4,711 17,996 + 1,223 729 + 55 763+ 14| 114244293 21,520 + 606 38,908 + 6,019
AM4 | 45749 + 3,392 13,705 + 792 586 + 36 646 + 10 | 15,512 + 2,228 22,563 & 1,296 35,274 + 4,743
AMS | 34540 + 818 11,393 +403 552 + 34 554 + 7| 17,448 + 5242 23,634 + 2,335 37,271 + 3,544
AMZ AMI | 7,220 & 551 85 + 2 90 + 8 B7TE1 1,065 £ 89 3,853 + 165 5,000 + 43
AM2 | 58,631 + 1,127 16,961 + 282 1,067 + 66 1,602 + 47 | 11,545 + 358 27,726 + 2,100 43,329 + 6,129
AM4 | 12,294 + 630 17043 143+ 12 179 + 12 1,639 + 19 3,081 + 30 4,571 + 36
AM5 | 6,708 + 398 74+ 2 82 + 6 116 + 2 1,644 £ 13 3,300 + 256 5,524 + 320
ANMZ4  AMI | 3,281 + 163 9 +2 47 £ 2 53+ 0 1,090 £79 2,077 + 264 3,077 £ 151
AM2 | 53,670 + 2,892 16,678 + 607 974 + 58 1,398 + 72 | 15087 4+ 722 27,914 + 1,308 37,773 + 5,947
AM3 | 14,285 + 1,132 350+ 16  177+11 172 + 4 1,633 £20 3,226 + 146 4,451 + 326
AM5 | 2,906 + 192 132+6 40 £ 2 46+0 760 + 15 1,449 + 23 2,337 + 172
AM5  AMI 579 + 22 17£0 13+0 12+0 163 + 36 369 £ 57 420 £ 69
AM2 | 38,079 + 2,262 14433 + 546 961 + 43 1,376 & 120 | 12,314 + 1,001 21,116 + 3,685 38,171 + 1,390
AM3 | 7,268 + 667 21843 137 +5 150 + 4 1,807 £99 3,637 + 269 5,459 + 438
AM4 | 3,277 + 259 172+ 2 62 + 2 54+0 894 +£53 1,587 + 111 2,258 + 236
TABLE 3.6: The comparison of the trainig times for each experiment. Specif-

ically, we conducted five executions of each experiment and present the results
here, in terms of mean and standard deviation of their final trainig times in
secods. The best result in each experiment is highlighted with bold font, while
the second-best is highlighted with underline font.

The time complexity of ACDC’s training is represented by matrix multiplications

involving the latent dimensions of the final layers in the three ACDC modules.

These dimensions are lgae, lgise, and lqa., respectively. The training procedure for

ACDC is carried out using a tuple of samples, (xg, T, ys):
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O<2(u2ldae + uzdae ) + Uldaeldiscm + uzdaeldisc + 2<UZdaeldaa2 + U/ldaeldaa»
~—— ~—~— —_————  —— —_————— N——
Eq.(3.1) Eq. (3.4) Eq.(3.3) Eq.(3.6) Eq.(3.2) Eq.(3.5)

- 7 . 7 . 7
~~

DAE O(+) DISC O( ) DAA O(+)

where m and u are respectively the number of classes in the current problem, and

the input feature size of the analyzed dataset.

As a result, both DAE and DAA are evaluated twice, while DISC is only computed

once. This process can be illustrated in Algorithm 1.

Moreover, during validation, ACDC only uses the forward-pass of the DISC module.
This ensures that the validation phase focuses on the discriminative performance

of the model:

O(Uldaeldiscm) (320)

Table 3.6 presents an overview of the overall processing time of ACDC and its
baselines concerning time complexity. It is also essential to explore the effect of
ACDC’s adaptation on both its time and space complexity during the training
phase, rather than only measuring it as a final metric. To observe the influence
of the network’s node count on the training time more precisely, we conducted an

ablation study, and this phenomenon is illustrated in Figures 3.6a and 3.6b.

ACDC’s modules increase the number of nodes during underfitting and decrease
the number of nodes during overfitting, resulting in direct impacts on the memory
and computational needs of the model due to changes in the number of nodes.
Consequently, when ACDC adds a new node, it increases its space and time com-
plexity, while pruning a node or a group of nodes reduces these complexities. Such
observation is supported by Eq. 3.20, where the time complexity is a function of

the number of nodes in each module.

ACDC’s adaptation conditions are assessed for each sample, causing fluctuations
in training time, as seen in Figure 3.6a. However, a significant decrease in training
time is observed around chunk 52 in Figure 3.6b, where ACDC prunes multiple
nodes from the DAE module, thus significantly reducing its space and time com-

plexity.
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(B) The evolution of nodes in a hidden layer (HL), with information
on the average node count per minibatch (evaluated window), as
well as the number of nodes in the final batch. Such steep reduction
in few minibatches is possible because ACDC performs the growing
and prunning operation per sample, and not per minibatch. So, if a
minibatch is composed of 1000 samples, there is an opportunity to
grow and prune 1000 nodes, according to the statiscal information
of those samples.

FIGURE 3.6: Plots for the ablation study (A), depicting sliding windows infor-

mation over the MN—US experiment are presented.

3.3.7 Performance over GPU

Time complexity is undeniably the most significant challenge faced by ACDC.

The module adaptation procedure adds computational overhead to the training

process, leading to increased time complexity. Furthermore, ACDC’s existing pa-

rameter learning approach is not optimized for GPU utilization, meaning that all
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So?ﬁf:“?;il;m Target Accuracy (%) F1 macro (%) F1 weighted (%) Training Time (s)
MN Us 36.03 £2.75 2434 + 3.84 29.12 + 3.87 283.8 + 2.88
Us MN 2455 £ 1.63 17.29 £ 1.00 17.68 £+ 0.98 163.9 £+ 2.81
CF ST 44.02 £2.69  36.37 =+ 2.09 36.36 £ 2.09 191 £ 1.77
ST CF 37.85 £2.58 3428 £4.31 34.28 £ 4.31 196.7 £+ 14.69
LD WA 62.31 £ 2.61  62.26 £ 2.70 62.26 £ 2.70 45.11 £ 0.71
WA LD 54.12 + 244  50.67 £ 8.74 50.66 + 8.75 42.42 £ 0.31
AM1 AM2 62.54 £ 0.08 1543 £ 0.02 48.20 £+ 0.02 1255 + 15.77

AM3 7222 £0.23 16.85 + 0.04 60.89 £ 0.08 183.61 + 0.57
AM4 56.80 + 0.45  14.86 £ 0.09 42.15 £ 0.21 86.32 £ 0.51
AMS5 62.17 £ 1.55  16.44 £ 0.37 50.20 = 0.40 15.26 £+ 0.25
AM2  AM1 88.85 £ 0.37  18.88 £ 0.15 83.47 £ 0.29 1238.48 £+ 35.87
AM3 72.44 £ 0.09  16.82 £ 0.01 60.95 £ 0.02 1347.73 £ 5.08
AM4 57.73 £ 0.15  14.66 £ 0.02 42.35 £ 0.01 1236.45 £ 35.40
AMb 63.61 £ 0.42  15.58 &+ 0.06 49.62 £ 0.42 1178.03 £ 8.9
AM3 AM1 88.10 £ 0.35  19.12 + 0.33 82.84 + 0.03 180.74 £+ 1.97
AM2 62.56 £ 0.04 1542 £ 0.01 48.21 £ 0.01 1288.66 £ 7.34
AM4 57.66 + 0.13  14.71 £ 0.05 42.34 £ 0.02 205.05 £ 19.48
AMb 64.19 £ 092 16.11 + 0.30 50.77 £ 0.09 189.03 + 2.75
AM4 AM1 84.45 £ 0.75 19.72 £ 01.12 82.65 £ 0.37 92.25 £ 1.28
AM2 62.53 £ 0.06 15.43 £ 0.02 48.20 £ 0.01 1253.19 + 10.88
AM3 72.26 £0.16 16.92 &+ 0.06 60.93 £ 0.06 203.18 £ 5.03
AMS5 63.35 £ 1.73  15.92 + 0.30 50.41 + 0.40 76.52 + 0.99
AMb AM1 82.95 £4.89 1845 £ 0.39 80.54 £ 2.39 14.18 + 0.40
AM2 62.25 £ 0.29  15.50 £ 0.05 48.14 £ 0.09 696.97 £+ 48.53
AM3 71.83 £0.29 16.93 + 0.06 60.76 £+ 0.10 137.17 £+ 0.36
AM4 5717 £0.24  14.81 £ 0.07 42.19 £+ 0.06 65.65 £+ 0.27

TABLE 3.7: The comparison of the multiple metrics for each experiment on the
ACDCgpyu-5 model. Specifically, we conducted five executions of each experi-
ment and present the results here, in terms of mean and standard deviation of
their final target accuracy scores.

computations have been executed on the CPU thus far. In this subsection, we
explore some minor adjustments to the parameter learning method that would en-
able ACDC to parallelize specific matrix multiplications using a GPU, potentially

improving its overall efficiency.

One efficient way to parallelize ACDC is by performing batch operations on the
tuples in the sliding windows W¢ and Wj.. This approach, however, would result
in ACDC executing its module adaptation strategy only once per batch. Conse-
quently, there are two potential options: (a) carry out the evolution step multiple
times, or (b) decrease the value of N, to facilitate more frequent evolution. After
conducting several tests, we opted for the latter option, reducing N,, from the

initial 1000 samples to just 200 samples.

Since a decrease in accuracy performance is expected due to a lower sliding window
size, we also increased k from 1 to 5. This adjustment led to the creation of a model
called ACDCGPU-5. The primary metrics for ACDCGPU-5 are summarized in
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Table 3.7. This new model achieves similar or slightly lower accuracy rates while
reducing training time by a factor of 10 or more. This is due to the fact that it no
longer evaluate the present of concept drifts sample by sample, but by a batch of
samples at a time - to be more precise, by the average representation of a batch of

samples.

Experiments such as MN<«US experienced a considerable reduction in target ac-
curacy when using the ACDCgpy-5 model. However, it’s worth noting that this
model still outperforms some baselines, including FUSION and Melanie. This
finding demonstrates the potential for ACDC to remain competitive even when

subjected to modifications aimed at reducing time complexity.

Although the current experiment is not conclusive, it provides valuable insights
into the adaptability of ACDC for use in a parallelized environment. By making
these minor adjustments, it’s possible to maintain ACDC’s performance while sig-
nificantly reducing its time complexity, making it a more viable option for various

applications.

3.3.8 Ablation study

In order to gain a deeper understanding of ACDC’s behavior, we conducted an
ablation study on the MN<«US experiments with x = 1. This study was performed
under three distinct configurations, each aimed at isolating specific components
of ACDC to evaluate their individual impacts on the overall performance. The

configurations were as follows:

A. DAA is deactivated: In this scenario, we disabled the DAA module, which
is responsible for adapting the model to the target domain. By deactivating
DAA, we assessed the effects of its absence on the overall performance of

ACDC, particularly in terms of its ability to handle domain adaptation.

B. No self-evolving mechanism: In this configuration, we removed the self-
evolving mechanism that allows ACDC to grow and prune nodes dynamically
in response to changes in the input data. Instead, we fixed the number of
hidden nodes in the hidden layers at 100. This experiment helped us under-
stand the importance of ACDC’s self-evolving capabilities and their impact

on its performance.
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C. The feature of DAA to expand its nodes in DISC has been disabled: In this
setup, We deliberately deactivated the DISC module’s capacity to expand
nodes driven by DAA. This modification allowed us to examine the signifi-
cance of DAA’s contribution to the growth of DISC nodes and its influence

on the overall performance of the model.

By evaluating the performance of ACDC under these three different configurations,
we aimed to identify the critical components of the model and understand their
respective contributions to its effectiveness. This comprehensive analysis provided
valuable insights into ACDC’s behavior and offered a clearer understanding of the

model’s strengths and weaknesses.

Ablation | MN—US US—MN

A(%) | 38.74 + 4.12 27.86 + 3.68
B(%) |56.22 + 1.88 37.10 + 3.85
C(%) | 48.84 +3.00 38.82 & 1.43

TABLE 3.8: The results for five ablation study runs.

As an example, study (A) demonstrates that the absence of DAA results in a
classification accuracy decrease of at least 5% in both the target and source do-
mains. This demonstrates the essential role DAA plays in ACDC’s performance,

particularly in addressing domain adaptation challenges.

In study (B), using a fixed structure introduces an additional hyper-parameter
to be tuned — the number of hidden nodes — which diminishes ACDC’s ease of
use. During the training phase, ACDC is capable of dynamically exploring and
identifying the most suitable configuration through the process of adaptation. In
the MN—US experiment, the fixed structure model outperformed the adaptive
network because it was already initialized with a sufficient number of hidden nodes
close to the optimal structure size. Conversely, the outcome of the US—MN trial
showed a diminished effect since ACDC in this ablation experiment possesses a
fixed arrangement that is both more extensive and more distant from the ideal

configuration.

Finally, ablation study (C) highlights the crucial role of the interaction between
DAA and DISC in achieving rapid learning. This finding emphasizes the impor-
tance of maintaining the synergy between these two components in ACDC’s archi-

tecture.
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In conclusion, the ablation study sheds light on the significance of ACDC’s key
design choices and their impact on the overall performance. These insights can
be valuable for future refinements and improvements to the model, ensuring that

ACDC remains effective in addressing various domain adaptation challenges.

3.3.9 Handling different concept drifts

Hyper-parameter ‘ LED Generator (%) Random RBF Generator (%)

25 99.91 + 0.06 99.97 + 0.04

100 100.00 £ 00.00 100.00 £ 00.00

N, 250 100.00 £ 00.00 100.00 £ 00.00
500 100.00 £ 00.00 100.00 £ 00.00

1000 100.00 £ 00.00 100.00 £ 00.00

1 100.00 £ 00.00 100.00 £ 00.00

z u/5 100.00 £ 00.00 100.00 £ 00.00
dac u/2 100.00 £ 00.00 100.00 £ 00.00
u 100.00 £ 00.00 100.00 £ 00.00

(1.05; 0.55) 100.00 £ 00.00 100.00 £ 00.00

(ar: ) (1.25; 0.75) 100.00 £ 00.00 100.00 £ 00.00
12 (1.45; 0.95) 100.00 £ 00.00 100.00 £ 00.00
(1.65; 1.15) 100.00 £ 00.00 100.00 £ 00.00

TABLE 3.9: The comparison of the target accuracy for each experiment involving
incremental concept drift on the ACDC-1 model. Specifically, we conducted five
executions of each experiment and present the results here, in terms of mean
and standard deviation of their final target accuracy scores.

The experiments conducted so far have demonstrated ACDC’s performance under
sudden concept drifts. In this sub-section, we explore its performance under incre-
mental concept drifts using two synthetic asynchronous incremental concept drift

benchmarks built with the scikit-multiflow package [149].

The first benchmark is the LED Generator, which originates from Leo Breiman
[150]. This dataset utilizes seven binary attributes to predict the digit displayed
on a seven-segment LED display. Five of these attributes undergo an incremental

concept drift over time.

The second benchmark is the Random RBF Generator. In this benchmark,
a radial basis function (RBF) stream is generated by creating several centroids
with random central positions, standard deviations, class labels, and weights. This

process results in a normally distributed hypersphere of samples surrounding each
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(A) The relationship between bias and variance. Network Signifi-
cance (NS) is equal to the bias plus the variance rate.
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(B) The evolution of nodes in the hidden layer (HL), showing both
the average number of nodes per minibatch (which is evaluated over
a specific window of time) and the total number of nodes in the
final batch. Even though the bias and variance rate have stabilized,
the discriminator continues to create nodes to deal with the small
incremental concept drift.

FIGURE 3.7: Showcase of ACDC’s bias and variance, as well as its node evolu-
tion, on a incremental concept drift experiment: LEG Generator, with a sliding
window of size 500.
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centroid. Drift is introduced by adding speed to certain centroids, causing their

centers to change over time.

In both benchmarks, the concepts before and after the change are characterized by
a weighted, gradual, and smooth combination of two pure distributions. Different
random seeds are used for the source and target streams to ensure differences in
their generated distributions. The source stream consists of 20,000 samples, with
the incremental concept drift introduced after 5,000 samples, while the target
stream has 10,000 samples, with the gradual concept drift beginning after 2, 500

samples.

As shown in Table 3.9, ACDC can efficiently handle incremental concept drifts by
using its sliding window to continuously adjust the network. Even with a small
sliding window, ACDC can quickly recover and present near-perfect results. In
fact, Table 3.9 showcases that the sliding window is probably the main factor to be
considered when detecting concept drifts using ACDC. A small sliding window, as
only 25 samples, might not be sufficient to accurately detect and react to concept
drifts; Hence, these experiments are the only one to present a standard deviation

greater than 0.0.

Figures 3.7a and 3.7b illustrate how ACDC'’s bias-variance trade-off is easily shifted
towards the optimal model complexity as new nodes are cautiously created. This
ability to adapt to incremental concept drifts highlights the flexibility and robust-

ness of ACDC’s performance in various scenarios.

In conclusion, the experiments show that ACDC performs effectively under both
sudden and incremental concept drifts. While ACDC and other baselines were
initially evaluated under benchmarks with sudden concept drifts, representing more
challenging scenarios, this analysis demonstrates that ACDC can also excel in
handling incremental drifts, further showcasing its versatility in tackling different

types of domain adaptation challenges.

3.4 Summary

The ACDC framework is a dynamic approach to unsupervised cross-domain adap-

tation that uses adversarial techniques to counteract data drifts. It consists of three



66 3.4. Summary

key components that work together to address the challenge of online unsupervised
cross-domain adaptation: a denoising autoencoder as a generative feature extrac-
tor, a domain-adversarial adaptation network for adjusting to different domains,

and a discriminator.

In our assessment, we compared ACDC to strong baselines utilizing the prequen-
tial test-then-train protocol. The outcomes indicate impressive generalization and
target accuracy performance, with ACDC consistently outperforming the other
models in nearly all experiments. In some instances, ACDC even demonstrated
an improvement of more than 10%. Additionally, we explored the implications of
ACDC’s dynamic architecture on its space and time complexity, as well as how the
internal epochs k affect the overall classifier generalization. Generally, a higher
value provides more opportunities for model learning but incurs a substantial time

complexity cost.

Nonetheless, ACDC has some limitations. Its compatibility with GPU is not op-
timal, leading to reduced accuracy performance when compared to the CPU ver-
sion. Moreover, ACDC relies on a fully labeled source data stream, which can
be challenging or impossible to obtain for certain data stream configurations. Po-
tential enhancements to address these concerns include the development of a fully
parallel-compatible learning scheme and architecture, and the capacity to function

in weakly labeled situations.

As a flexible online neural network framework, ACDC presents a variety of possibil-
ities for future expansion. Some of the potential additions could involve integrating
convolutional layers, employing distributed computing infrastructures, utilizing re-

current layers, and adjusting layer depths for greater flexibility.

To conclude, ACDC’s exceptional performance in minimizing target error rate
has been confirmed through rigorous experimentation using real-world data and
the prequential test-then-train approach, outperforming baseline models. ACDC’s
adaptability and responsiveness to dynamic changes make it a promising solution

for tackling complex domain adaptation issues in a variety of settings.
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Class-Incremental Learning via

Knowledge Amalgamation

Catastrophic forgetting poses a significant challenge to the implementation of deep
learning algorithms in continuous learning environments. This issue arises when
an agent loses its ability to generalize from previous tasks while acquiring new
knowledge. Several approaches have been suggested to tackle the problem of catas-
trophic forgetting [43], which impairs an agent’s capacity to learn from past tasks
as it takes on new challenges. The CFA approach we suggest offers a resolution
to this predicament by using knowledge integration to instruct a student network
through diverse teacher models, each of which has expertise in a particular prior

task. This technique is adaptable to current offline methodologies.

The process of combining and integrating knowledge, i.e., knowledge amalgama-
tion, occurs through a single-head approach, requiring only a limited number of
stored samples without the need for annotations. It is crucial to note that the de-
sign of the teacher network and the student network does not have to be identical,
which allows for the adaptation of diverse tasks to a more compact or sparse data
representation. By using this innovative strategy, we aim to effectively address the
issue of catastrophic forgetting, making it possible for agents to retain their gener-
alization power across multiple tasks in continuous learning settings. Source-code:

github.com/Ivsucram/CFA'

!Paper published in the Proceedings of the European Conference on Machine Learning and
Principles and Practice of Knowledge Discovery in Databases, ECML PKDD ’22
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4.1 Introduction

Deep learning algorithms have made significant strides in several computational
learning systems, including natural language processing, computer vision, and clus-
tering [27]. However, while these models have shown great promise on stationary
data, they suffer from catastrophic forgetting when applied to dynamic settings.
This phenomenon occurs when new information replaces previous experiences, re-

sulting in a significant drop in performance on previously learned tasks.

Traditional learning systems rely on batch-setting training, where all training data
is available, and tasks are known in advance. However, this approach becomes im-
practical when new tasks are continuously introduced, requiring a time-consuming
and computationally expensive retraining process of the network parameters to

adapt to changes.

In order to prevent catastrophic forgetting, it is crucial for learning agents to con-
sistently incorporate novel data into their knowledge base without compromising
their prior learning. Agents that possess the ability to continuously acquire new
knowledge including new categories, are referred to as class-incremental learning

systems.

A solution for class-incremental learning should possess three essential character-

istics to be considered effective:

A. Firstly, in class-incremental learning, it is essential for the agent to continu-
ously update its knowledge as new classes can be introduced at any time via a
stream of data. Learning from a never-ending stream of data that introduces
new classes sporadically is a crucial aspect of the process. A model with this
capability ensures that it adapts to new knowledge seamlessly while preserv-
ing its existing knowledge. This feature is in contrast to batch-based models
that can only learn from data available at the time of training, making them

unsuitable for dynamic settings.

B. Secondly, a class-incremental learning solution must also be able to provide
multi-class inference for all the classes learned at any point in time. This
feature is necessary for scenarios where the agent is required to recognize
multiple classes simultaneously. A model that can achieve this can be used in

a range of applications, including image classification and speech recognition.
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C. Lastly, an effective class-incremental learning solution should manage its com-
putational requirements. The computational demands should be bounded or
increase slowly as the number of classes learned grows. This feature is es-
sential in practical scenarios where the computational power and memory
resources are limited. A model that scales well with the number of classes

learned ensures that it remains efficient and practical in real-world settings.

We present the novel catastrophic forgetting solution based on knowledge amalgamation
(CFA). In this solution, multiple trained teacher models are used to teach a single-
head student model that handles all previous tasks with no annotations, using only
a selected number of memorized samples. During the process of amalgamation, this
method prevents catastrophic forgetting by examining the interconnection between
tasks without any form of identification. CFA can be seamlessly integrated into
existing learning pipelines and does not require maintaining specific network archi-

tectures for each task.

The knowledge amalgamation technique for addressing catastrophic forgetting pro-
vides several advantages. Firstly, it enables the adaptation of diverse tasks to a
unified model without requiring multiple final models. Additionally, this technique
investigates task correlations during amalgamation, making it easy to integrate
with current learning pipelines without additional identification procedures. This
methodology is a form of post-processing continual learning, where a unique teacher
model is created for each task and flexibly merged into a streamlined model for
inference. This approach also eliminates the need for task-specific network archi-

tectures.

In summary, knowledge amalgamation is a promising solution for the catastrophic
forgetting problem in the class-incremental learning setting. It integrates the
knowledge from multiple trained teacher models into a single-head student model
and maintains a bounded or slow growth in computational requirements to the
number of learned classes. Basically, the process of combining knowledge can be
viewed as an ongoing learning method that occurs after initial data processing.
Specifically, a unique instructional model is created for each task, and these mod-
els are adaptively merged into a unified, condensed model for use during inference.
Furthermore, the approach is highly flexible and can be easily incorporated into

existing learning pipelines.
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Contributions:

e Presenting a novel method of class-incremental learning that involves com-
bining and integrating different forms of knowledge, known as knowledge

amalgamation.

e Permitting educators and student models to showcase diverse formats and

assignments.

e Developing a methodology that can seamlessly assimilate into current learn-

ing workflows, encompassing both non-continual and continual environments.

4.2 Problem Formulation

In the context of continuous learning, specifically in the scenario of learning
with incremental classes, we are presented with a continuous flow of data pairs
(x;,y;) that follow the distribution (z;,;) P P,.(X,Y). These data pairs
consist of an input x; and a corresponding target y;, and they are organized
into a sequence of tasks denoted as t; € 7 = 1,...T, where the total number
of tasks T is initially unknown but arrives in a controllable manner. The
primary objective here is to train a predictive model f : X x 7 — Y, which
can be queried "at any point” to make predictions about the target vector
7y” for a given test sample x, where (z,y) ~ P;. It’s worth noting that this
test pair may belong to a task that has been encountered in the past or the

current task.

Now, let’s define the task of knowledge amalgamation in the following man-
ner. Suppose we have N pre-trained teacher models tY |, each of which is
specialized in handling a specific task T'. Let D; represent the set of classes
that a particular model ¢; is designed to classify. Without loss of generality,
we assume that for any pair of models ¢; and ¢, their sets of classes, D; and
D;, are distinct (i.e., D; # Dy for all i # j). In simpler terms, we assume that
each model is focused on classifying different tasks. The ultimate objective of
knowledge amalgamation is to create a concise single-headed student model
that has the capability to infer all tasks, essentially being able to classify all
the classes within the combined set D = UY D;. To put it differently, the

process of knowledge amalgamation occurs after the fact, where all teacher
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Algorithm 2: CFA
Input: Teacher models Ty, Task Memory M, Student model &, number of
epochs
Output: Amalgamated Model S
for epoch in epochs do
M < shuffle(M); // Optional
for sample m in M do
begin Joint Representation Learning:
fs < 1 x lconv(Fs); // Student adaptation layer via 1x1
conv
fs < 1 x Leonv(3 x 3conv(3 x 3conv(fs))); // Student encoder
via residual blocks of 1 stride
Ly Lr<+0;// Loss initialization
for T, in T do
fri < 1 x 1(Fr;); // Teacher adaptation layer via 1x1
conv
fri < 1 x Leonv(3 x 3conv(3 x 3conv(fr;); // Teacher
encoder via residual blocks of 1 stride
,CM %LMﬂ—H(fs,sz)—H(fs), // Eq. 4.2
Lr «Lg + ||F}, - Fr||; // Teacher decoder, Eq. 4.3

begin Soft Domain Adaptation:
yr <= Tn(m); // Stacked teachers’ soft output
| Dxv < H(9s,yr) — H(gs); // Eq. 4.4
£<_aDKLSOft+(]-_a)(/CM+£R>; // Eq. 4.5
B Sp < Sp — AVL; // Parameter learning

models that have been trained for specific tasks are merged into a single
model to perform comprehensive classification, consistent with their respec-
tive teacher models. This approach offers flexibility compared to existing
continuous learning methods because a teacher model can be independently
constructed for a particular task, and their knowledge can later be merged

into a student model without sacrificing generalization capabilities.

4.3 Proposed method

CFA is composed of three macro stages - the join representation learning
(JRL) and knowledge amalgamation (KA) -, and one micro stage - soft do-

main adaptation (SDA). The JRL component allows teachers and students
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FIGURE 4.1: An overview of the proposed CFA through a summarized workflow.
The CFA comprises the macro stages joint representation learning (JRL), and
the knowledge amalgamation (KA). In the JRL stage, the features of both the
teachers and the students (only two are shown here) are transformed into a
shared space. The micro stage of between teachers and student made by KA.

to have different structures and adapt to heterogeneous tasks, while KA per-
forms alignment between source (teachers) and target (student). The SDA
stage ensures that the learned knowledge through KA is transferable across

domains by aligning the source and target domains’ distributions.

4.3.1 Joint Representation Learning

Figure 4.1 depicts the JRL scheme, which involves transforming the features
of the teachers and students into a common feature space. In this shared
space, two types of loss terms are minimized to achieve the learning objec-

tives.

The feature ensemble loss term, denoted by Ly, aims to align the features
of the students with those of the teachers in the joint space. Meanwhile,
the reconstruction loss term, denoted by Lg, ensures that the transformed
features can be accurately mapped back to the original space with minimal

errors. The combined effect of these loss terms facilitates effective knowledge
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FIGURE 4.2: A depiction of CFA’s shared extractor sub-network. In the joint
representation learning (JRL) process, a sub-network is utilized by both the
teachers and the students. The objective of this shared extractor is to generate
a domain-invariant space by means of several KL operations. The resulting space
is then reconstructed into the student model via decompression, i.e. a decoder
is put forward to guarantee that the shared latent space is still related to the
original data distribution.

transfer from the teachers to the students, enabling successful learning and

the acquisition of new skills.

4.3.1.1 Adaptation Layer

The adaptation layer is responsible for aligning the output feature dimensions
of the teachers and students. This alignment is achieved using a 1 x 1
convolution kernel [151], which can generate a predefined output length even
for inputs of different sizes. More precisely, assuming Fg and Fp, stand for
the initial characteristics of the student and teacher T;, correspondingly, their

synchronized features are indicated by fs and fr,.

Our approach involves setting the dimensions of fg and fr, to match those
of Fs and Fr,, correspondingly. This ensures that the features of the student
and teacher are appropriately aligned and that knowledge transfer can occur

efficiently between the two parties.
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4.3.1.2 Shared Extractor

Once the aligned features of both teachers and students have been obtained,
a direct averaging method may initially appear to be a logical approach for
obtaining the student’s feature. Nevertheless, as a result of variances in the
teacher network architectures and domain disparities in the training data,
the aligned features may continue to be dissimilar. To tackle this problem,
teachers and students utilize a small trainable sub-network with shared pa-

rameters, as illustrated in Figure 4.2, to achieve consistency.

This sub-network, called the shared extractor, comprises three consecutive
residual blocks of 1 stride, which convert the aligned features fr, and fg
into common representation spaces denoted by fTi and fg, respectively. In
our implementation, the size of fTi and fs is half that of fr, and fg, re-
spectively. By sharing the extractor network, the student’s features can be
more accurately and effectively learned from the teachers, enabling success-
ful knowledge transfer, as demonstrated by auto-encoder domain adaptation
models [51, 152]

4.3.1.3 Knowledge Amalgamation

To combine knowledge from diverse teachers with varying attributes, we es-
tablish a feature space that remains consistent across domains for both the
student and every teacher. This is achieved through the use of the KL di-
vergence, which encourages the common feature space to remain consistent

across the heterogeneous teachers:

~

‘DKLi(fSHfTi):H<f87fTi)_H(fS)7 (41>

where H ( fs, fr,) is the cross entropy of fr. and fg and H ( fg) is the entropy
of fg.

After computing the KL divergence loss between the student’s feature space
and each teacher’s feature space, we proceed to aggregate all the pairwise
KL losses between them. Figure 4.2 depicts this aggregation process, which
results in an overall discrepancy measure, denoted as L,;, in the shared

feature space.
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N
Ly =) D (4.2)
i=1

This discrepancy measure enables us to quantify the extent to which the
student’s features are aligned with those of the teachers in the shared fea-
ture space. By minimizing the £); loss, our method can effectively enable
knowledge transfer from the heterogeneous teachers to the student. This ap-
proach is particularly useful when dealing with diverse sources of knowledge,

allowing for successful acquisition of new skills and knowledge.

In order to improve the joint representation learning between the teachers
and the student, we incorporate an auto-encoder [153] reconstruction loss
that operates on the original feature space of the teachers. Specifically, we
define the reconstructed feature of teacher 7; as F.; and introduce the recon-

struction loss L as a means of evaluating the accuracy of the reconstruction:

N

Lr =Y ||Fpi— Frill. (4.3)

i=1

By minimizing the Ly loss, our method can ensure that the original feature
space of the teachers is effectively preserved, enabling accurate knowledge
transfer from the teachers to the student. This reconstruction approach com-
plements the KL divergence loss, which ensures domain invariance between
the teacher and student feature spaces. Together, these loss terms provide
a comprehensive framework for joint representation learning, facilitating the
effective transfer of knowledge across different domains and teacher charac-

teristics.

4.3.2 Soft Domain Adaptation

In addition to familiarizing themselves with the teacher’s characteristics, stu-
dents are also expected to generate inferences that are identical or similar
to those made by their instructors. To facilitate this process, we employ
a method in which we input unlabelled samples to the teacher models and
supervise the training of the student based on the output generated by the

teachers.
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Given the assumption that the teacher exemplifies dealing with classes that do
not overlap, we can merely concatenate their scores vectors and employ them
as the desired output for the student model. However, in cases where teachers
have overlapping classes, we can opt to sum or average the logits of repeating
classes. In contrast to traditional methods of knowledge distillation, which
rely on cross-entropy loss for comparing the student model’s output to the soft
output of the teacher, we propose incorporating a domain invariant space into
the fully connected layers of the student. This is accomplished by utilizing KL
divergence to compare the student output to the soft output of the teachers,

which is stacked together.

The given scenario involves utilizing the stacked teachers’ soft output, de-
noted as yr, and the corresponding soft output of the student, represented

by yg, for implementing KL divergence in the following manner:

Do (9sllyr) = H(Gs, yr) — H(Js). (4.4)

To demonstrate that such operation achieves a domain invariant latent space,
we need to remember how the Kullback-Leibler (KL) divergence, also known
as the relative entropy [104]. Given two probability distributions P € R**!
and Q € R¥!, the KL divergence of Q from P is the information lost when
Q is used to approximate P [154], defined as D, (P||Q) = 325, P(i) In g(".)

@)
As the KL divergence measures the difference between two data domains,

embedding them into the same latent space and decreasing its divergence

outputs a domain invariant latent space.

4.3.3 Final Loss

Our final loss function incorporates the loss terms from Eqgs. 4.2, 4.3, and
4.4. Our approach involves optimizing the objective function to train the

complete framework from end to end:

L= aDgr,;,(9sllyr) + (1 = a)(Ly + Lr). (4.5)

In this context, the hyper-parameter «, which belongs to the interval [0, 1],

plays a crucial role in balancing the three components of the loss function.
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Through the minimization of this loss function, the student network can be
effectively trained, leveraging the knowledge provided by its teachers, without

necessitating any annotations.

4.3.4 Theoretical Analysis

To understand how knowledge amalgamation works, we first need to under-
stand the case of a knowledge amalgamation with a single student, which is

the same as knowledge distillation [119].

4.3.4.1 Knowledge Distillation

We introduce the concept of knowledge distillation within the framework
of binary classification. Let X C R" represent the input space, ¥ = 0,1
denote the label space, and P(X) signify the probability density distribution

of inputs.

The teacher network, denoted as 7% : X — Y, and the student network,
represented by S : X — Y, both function as linear classifiers. The teacher
model is a fixed entity described by h*(X) = 1{67X > 0}. Both classifiers
are equipped with internal parameters, referred to as weights, which are pa-
rameterized as a product of matrices: 7 = WyWy_1- - - Wy, where N > 1

denotes the number of layers within the model.

The knowledge distillation process commences with the collection of soft la-
bels, often referred to as logits, from the teacher network, given by YV =
o(0TX). Here, the inputs X are sampled independently and identically dis-
tributed (i.i.d) from P(X), and o represents a non-linear function, such as the
sigmoid function o(z) = 1/(1+4exp(—z)). These soft values can be perceived
as a more informative counterpart to the traditional hard (0/1-valued) labels
found in standard classification settings. Subsequently, the student network
undergoes training by minimizing the cross-entropy loss function:

£(0) = —— 3 [Vog(0(67 X)) + (1 — V) log(1 — 0(67X))]  (4.6)

n <
=1
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The objective is to minimize £* until it reaches zero. The student network
monitors this loss as a function of its parameters, specifically the individual

weight matrices:

E(Wl, c ',WN) = ,C*((WNWN_l' : 'Wl)T) (47)

The optimization process then proceeds via gradient descent.

4.3.4.2 Knowledge Amalgamation

Knowledge amalgamation can be viewed as an extension of knowledge dis-
tillation involving multiple teachers, thus allowing us to adapt the previous

analyses accordingly.

The teacher models, denoted as 7' : X — Y, T?: X - Y? ... TK.X —
Y& represent fixed linear classifiers defined as follows: h'(X) = 1{67 > 0},
R*(X) = {67 > 0}, ..., A¥(X) = 1{6% > 0}, where K > 2 denotes the
number of available teachers. Concurrently, the student model, denoted as
S X — (YLY? ... YE) functions as a multi-class classifier with the
capacity to handle all classes known by the teachers. Each of these classifiers
possesses internal parameters referred to as weights, which are parameterized
as products of matrices: 67 = WayWy_;- - WL, 63 = WiWs_,- - - Wi, .,
0% = WEWS |- - - W, The student’s internal parameters are denoted as
0L = WRWx_ - - - WY, with N > 1 representing the number of layers within

these models.

The knowledge amalgamation process commences with the collection and
concatenation of soft labels obtained from the teachers. This entails com-
puting V1 = o(07X), Y3 = o(01X), ..., Yx = o(0%X), resulting in ¥ =
(Yl, Y, « - - ,?K)Q, where the input samples X are independently and identi-
cally distributed (i.i.d) according to P(X). Here, o represents a non-linear

function, such as the sigmoid function o(x) = 1/(1 4 exp(—x)).

The student model is trained by minimizing the multi-class loss function:

L5 (0s) =Y ~Ylog(65X) (4.8)

2Non-overlapping classes
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The objective is to minimize £* until it reaches zero. The student network

optimizes the following observable loss via gradient descent:

‘C(Wfa C 7W]§/) = ‘C*<(<W]1VW]1Vfl t 'Wll)T7
WAWR 1 - W),

(4.9)

WA Wy Wi)1)

This loss is optimized through the iterative process of gradient descent.

4.4 Experiments

To assess the effectiveness of the CFA approach and its corresponding base-
lines, we subject them to evaluation using four different benchmarks. In
addition to the benchmark evaluations, we also conduct an ablation study to
gain a deeper understanding of the memory utilization and internal processes
of the CFA approach.

To ensure consistency and fair comparison, we execute all experiments re-
lated to the CFA approach using identical teacher and student structures.
Specifically, we employ a ResNet18 architecture [28] as the backbone feature
extractor, and two fully-connected layers are incorporated in front of it. By
using this standard structure for all CFA experiments, we can more accu-
rately assess the impact of the CFA method and its corresponding baselines,

as well as any observed differences or variations.

4.4.1 Replay Memory

The CFA approach utilizes the replay memory strategy to obtain logits from
the teachers that are related to the original data distribution. To implement
this approach, a collection of past instances is stored for future use during
the merging phase. The method used to generate the replay memory was the
nearest-mean-of-exemplars technique [80], although alternative strategies for

selecting samples could also be utilized.
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4.4.1.1 Nearest-Mean-of-Exemplars strategy

The mean exemplar for each class in class y is introduced by Rebuffi et al.
[80], and computed as j, = m > e, ti(z), where t;(z) represents the log-
its generated by a teacher ¢; for a specific task ¢. This calculation allows
us to obtain a representative exemplar for each class that encapsulates the

knowledge of all teachers for that specific class.

To ensure that this exemplar is accurate, the CFA approach employs a sam-
ple selection strategy for the replay memory. Specifically, a sample x is added
to the memory if there is available space. If the memory is full, the sample z
and the existing samples in memory are sorted in descending order based on
their Lo distance. The sample with the farthest distance from the existing
samples is then replaced with x, ensuring that the memory is populated with
the most informative and relevant samples. By utilizing this sample selection
strategy, the CFA approach can achieve better performance in the amalga-
mation process, and the resulting exemplars can more accurately represent

the knowledge of all teachers.

4.4.2 Baselines setup

In our experiments, we utilized a Windows machine with an Intel Core i9-
9900K 5.0 GHz processor, 32GB of main memory, and an Nvidia GeForce
2080 Ti to evaluate all methods. To ensure consistency and a fair compar-
ison, all teachers and students had the same architecture, consisting of a

pre-trained ResNet18 feature extractor [28] followed by two fully-connected

R1000><500 R500><0utput

layers with dimensions of and , respectively. During op-
timization, we used the Adam optimizer with a learning rate of A = 1074, a

hyper-parameter value of @ = 0.5, and a training period of 100 epochs.

In the CFA approach, we evaluated two different configurations: CFAgyeq
and CFAgow. CFAgyeq utilized the nearest-mean-of-exemplars replay mem-
ory strategy with a fixed memory footprint of 1000 samples, while CFA,, o,
employed the teachers’ confidence replay memory strategy (i.e., similar to
the nearest-mean-of-exemplars introduced by [80], but where the confidence
rate is used instead of the mean to the exemplars of a class), which allows

for a growing memory size of up to 1000 samples per task. As a result, the
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memory footprint of CFAgeq remained the same regardless of the number
of classes learned so far®, while CFAg,,,, had a memory footprint that slowly

increased as more classes were introduced.

In addition to the CFA approach, we also evaluated other baselines in our
experiments based on the source-code release by [82]. Like CFAg,qy, these
baselines had a memory budget of 1000 samples per task, making them com-

parable in memory usage.

4.4.3 Benchmarks

To assess the efficacy and performance of the CFA approach and its corre-
sponding baselines in various continual learning scenarios, our experiments
utilized four different benchmarks. Each benchmark features an incremen-
tal class problem, and the datasets are divided into sequential tasks that

gradually increase in complexity.

The first benchmark, known as SplitMNIST, is a standard continual learning
benchmark that transforms the original MNIST problem [142] into five se-
quential tasks, comprising a total of ten classes. In this benchmark, the aim
is to maintain high accuracy across all tasks, while also ensuring that new

tasks do not cause catastrophic forgetting of previously learned tasks.

The second benchmark, SplitCIFAR10, is also an incremental class problem
that divides the full CIFAR10 problem [143] into five sequential tasks, each
consisting of ten classes. The aim in this benchmark is similar to that of
SplitMNIST, which is to achieve high accuracy while preventing catastrophic
forgetting.

The third benchmark, SplitCIFAR100, also features an incremental class
problem and divides the entire CIFARI100 problem [143] into ten sequen-
tial subsets, totaling one hundred classes. In this benchmark, the difficulty
level gradually increases as more classes are introduced, making it more chal-

lenging to maintain high accuracy across all tasks.

Finally, the Split TinyImageNet benchmark also features the incremental class

problem. However, instead of using the full ImageNet dataset, only 200

3Tt should be noted that storage of the original teacher models parameters is still required,
typically in secondary memory such as an HDD or SSD.
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Baseline Metric (%) ‘ SplitMNIST — SplitCIFAR10  SplitCIFAR100  Split TinyImageNet
ACC 19.13 £ 0.02 18.57 4+ 2.04 791 £ 0.79 7.39 + 0.03
EWCo [87, 8§] BWT -97.37 £ 0.26 -88.51 £ 5.18 -83.80 £ 1.56 -71.79 £+ 0.62
FWT -13.36 £ 1.38 -10.09 + 5.64 -1.02 £ 0.15 -0.44 + 0.16
ACC 19.20 + 0.06 16.27 + 4.55 9.13 + 0.43 0.41 £ 0.20
LWF [4] BWT -96.52 £ 0.94  -89.24 +9.60  -83.34 + 5.57 -50.33 + 3.25
FWT -11.92 £ 2.01 -11.05 + 1.88 0.16 = 0.71 -0.25 4+ 0.03
ACC 23.41 £ 0.60 69.07 £+ 3.31 2741 £+ 2.94 12.33 £ 1.23
ER [155] BWT -93.83 £0.92  -24.15 £ 14.17  -66.35 £ 1.22 -71.07 £ 2.35
FWT -8.83 + 3.14 -11.84 4+ 0.40 -0.98 + 0.08 -0.5 £ 0.05
ACC 9.19 + 0.65 13.49 + 4.12 0.94 4+ 0.32 1.55 + 0.32
AGEM [81] BWT -40.52 £ 46.02 -47.26 £+ -47.26 2.99 4+ 5.74 -14.93 £+ 2.12
FWT -8.97 + 3.54 -6.06 + -6.06 0.74 £ 1.74 -0.55 + 0.20
ACC 60.85 + 2.87 72.99 + 6.43 32.60 + 9.77 23.62 £ 3.30
DER [82] BWT -42.80 + 3.81 -22.71 £+ 5.00 -44.64 + 8.54 -52.19 £ 3.66
FWT -12.25 £ 2.71 -9.36 £+ 8.93 -0.93 £ 0.09 -0.46 + 2.12
ACC 72.86 + 0.95 77.86 £ 7.59 38.82 + 8.28 23.94 + 2.52
DER++ [82] BWT -24.64 +1.21  -16.27 £ 5.71  -49.03 &+ 7.60 -43.82 + 5.95
FWT -12.59 £+ 0.48 -6.26 4+ 8.81 -0.91 + 0.07 -0.26 4+ 2.16
ACC 78.08 £ 3.41 48.00 £ 536  32.26 + 5.51 13.30 & 1.64
FDR [156] BWT -21.73 £ 436  -86.58 + 4.37  -62.87 + 5.83 -67.08 + 1.69
FWT -10.10 £ 1.13 -11.41 £+ 2.95 -0.87 £ 7.29 -0.67 £+ 0.22
ACC 24.69 + 0.80 43.96 + 2.86 13.94 4+ 0.30 9.60 + 0.84
GSS [157] BWT -91.69 + 1.04 -55.71 + 2.57 -78.21 +£ 0.32 -69.36 £+ 0.28
FWT -10.31 £1.96  -10.56 + 3.30 -0.39 + 0.55 -0.53 £+ 0.05
ACC 88.25 £+ 0.46 50.11 £ 1.18 11.00 £ 2.87 3.23 £ 0.11
HAL [158] BWT -13.61 £ 0.62 -47.01 £ 2.14 -44.74 + 1.84 -32.68 £+ 4.10
FWT -8.81 4+ 3.28 -11.70 £+ 1.69 -0.97 + 0.26 -0.24 + 0.31
ACC 83.51 £ 1.35 74.96 + 0.46 27.76 £ 2.28 23.44 + 2.55
CFAfxea (Ours) BWT -7.95 4+ 1.53 -14.25 £ 1.76 -16.41 + 1.49 -17.58 £ 1.89
FWT 69.46 + 9.41 54.28 + 6.57 26.91 + 3.17 20.49 + 5.50
ACC 89.25 + 3.66 79.40 +£ 1.15 38.74 + 3.26 32.50 £+ 3.35
CFAgrow (Ours) BWT 69.77 £ 1.31 49.00 £ 2.78 11.49 £+ 2.65 23.33 £+ 3.45
FWT 91.77 £ 5.18 65.67 £ 8.22 21.84 + 4.26 32.58 £ 5.12

TABLE 4.1: A comparison of average accuracy rate (ACC), backward trans-
fer (BWT) and forward transfer (FWT) for each experiment. Specifically, we
conducted five executions of each experiment and present the results here, in
terms of mean and standard deviation. The best result is each experiment is
highlighted with bold font.

classes were selected and resized to 64 x 64 colored pixels. The dataset was
then divided into ten sequential tasks, with the aim being to maintain high
accuracy across all tasks while also handling the increased complexity caused

by the larger dataset size.
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4.4.4 Numerical results

To evaluate the performance of CFAfixed and CFAgrow in comparison to
existing approaches, we compared them against one regularization-based ap-
proach (EWCo), one knowledge distillation approach (LWF), and six memory-
based approaches (AGEM, DER, DER++, FDR, GSS, HAL) [81, 82, 156
158].

The results of our study, which are presented in Table 4.1, show that CFAgyeq
and CFAg,.,, exhibit comparable or even superior performance in comparison
to existing state-of-the-art methods. It is noteworthy that this is particularly
significant when taking into account the fact that CFAgy.q has a fixed memory
footprint. Both CFAgyeq and CFAg,,, achieved impressive BWT and FWT
metrics, with CFAg,. being the only model to achieve positive values across

all metrics.

These results suggest that CFA has the potential to enable zero-shot learn-
ing [45], even though the study did not specifically target this. Zero-shot
learning refers to the ability to recognize novel objects, classes, or attributes
without requiring any training samples [159]. The fact that CFA exhibits
characteristics of zero-shot learning may indicate that it has the ability to

generalize well to unseen tasks or classes.

The strong performance of CFA can be attributed to its utilization of pre-
existing knowledge from individual teachers trained on specific tasks. This
approach enables CFA to overcome the problem of catastrophic forgetting,
while also reducing the need for continual retraining. Moreover, the flexibility
of CFA allows for its integration into existing learning pipelines, making it a
useful tool for organizations looking to adopt incremental learning techniques.
Overall, our study demonstrates the effectiveness of the CFA approach in con-
tinual learning scenarios and highlights its potential for broader applications

in the field of machine learning.

4.4.5 Ablation study

4.4.5.1 Memory Analysis

Table 4.2 offers an insightful comparison of the strongest baselines, showing

how their accuracies vary across different memory budgets. Notably, our
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Benchmark Memory budget ‘ CFAfxead CFA 0w DER DER++ FDR
100 48.87 = 5.26 61.36 £+ 2.02 46.77 = 3.12 51.91 £4.21 39.60 + 4.54
200 61.20 +4.35 69.33 + 1.54 5841 +£3.23 64.92 £ 6.15 44.49 + 4.31
SplitCIFAR10 500 69.53 + 3.30 74.63 + 1.20 65.63 £5.95 72.45 + 6.85 48.20 + 5.30
1000 74.96 £ 0.46 79.40 £ 1.15 7299 + 6.43 77.86 £ 7.59 41.91 £ 6.42
2000 76.45 +1.90 82.21 + 2.52 73.81 £5.12 7744 + 890 47.39 4+ 7.01
100 7.75 +£1.20 21.34 + 2.30 13.23 £ 0.00 22.88 £ 4.90 12.23 4+ 4.50
200 12.87 £ 2.12 26.01 £ 2.53 19.98 & 0.00 23.78 & 5.20 14.74 £ 2.24
SplitCIFAR100 500 21.23 £ 2.23 30.59 + 3.54 26.53 £ 5.23 31.45 £+ 6.43 22.26 + 4.21
1000 27.76 £ 2.28 38.74 + 3.26 32.60 = 9.77 38.82 £+ 8.28 32.26 + 5.51
2000 41.50 & 3.45 47.54 + 3.18 36.78 = 9.88 43.45 £ 854 33.12 + 5.40

TABLE 4.2: The average accuracy metrics expressed as a percentage over varying
memory budgets are displayed.

analysis demonstrates that CFAg..q maintains a competitive performance
despite presenting a fixed memory footprint. In fact, it performs comparably
to other strong baselines such as DER, DER++4, and FDR while utilizing
less memory. Additionally, CFAg.q can be easily incorporated into existing
offline learning pipelines, making it a practical and cost-effective solution for

organizations looking to adopt incremental learning techniques.

However, it is important to note that while CFA has many strengths, it also
has one significant weakness. The approach requires secondary memory to
record previous teacher models. In practice, this means that organizations
must allocate storage resources, such as hard disk drives (HDD) or solid-state
drives (SSD), to store the original teacher models. Although this may not be
a significant issue for some organizations, it can be a concern for those with

limited storage capacity or strict data privacy regulations.

Despite this limitation, the flexibility and effectiveness of the CFA approach
make it a promising tool for organizations seeking to adopt incremental learn-
ing techniques. By utilizing pre-existing knowledge from individual teachers
trained on specific tasks, CFA can overcome the problem of catastrophic for-
getting and reduce the need for continual retraining. Additionally, the fixed
memory footprint of CFAg..q provides a practical and cost-effective solution
for resource-constrained organizations. Overall, our study highlights the po-
tential of the CFA approach to revolutionize the field of machine learning by

enabling continual learning in a practical and efficient manner.
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Description Split CIFAR10

a =1.0— JRL(x)SDA(v) | 35.78 & 10.78
a =05 — JRL(V)SDA(v) | 74.96 + 0.46
a =0.0 — JRL(V)SDA(x) | 69.68 + 2.23

TABLE 4.3: The average accuracy (in percentage) outcomes with different hyper-
parameter values for o are shown for the CFAgy.q model with a memory budget
of 1000. The impact of Joint Representation Learning (JRL) and Soft Domain
Adaptation (SDA) on the primary loss function is modulated to evaluate the
performance of the model.

4.4.5.2 Joint representation learning analysis

Table 4.3 provides a detailed analysis of the impact of hyper-parameter «
on the performance of CFA. According to our findings, joint representation
learning (JRL) plays a crucial role in guiding the student’s latent space to
accurately represent various tasks. If JRL is deactivated, the model expe-
riences difficulty in learning high-level feature representations through the
soft domain adaptation (SDA) method, leading to significant catastrophic
forgetting.

Moreover, our examination shows that selecting « is particularly crucial when
working with complete diverse arrangements, supported by Luo et al. [121].
Our research employs a uniform framework for both teachers and students
models, resulting in the reduced importance of the distinction between o =
0.0 and a = 0.5.

Overall, these findings demonstrate the importance of the JRL in driving the
adaptation of the student’s latent space and the significance of the choice
of o in achieving optimal performance. By incorporating both the JRL and
appropriate values of a to control SDA, CFA can effectively address the

problem of catastrophic forgetting, enabling efficient continual learning.

4.5 Summary

CFA is a novel approach to mitigate catastrophic forgetting in class-incremental
learning scenarios. The issue is addressed by combining the expertise of var-

ious teacher models, each trained on a prior undertaking, into a solitary
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student model with a single head capable of managing all the tasks. We as-
sessed the efficacy of CFA by contrasting it with a collection of competitive
baselines in class-incremental learning situations. Our experimental findings
proved that CFA accomplished favorable generalization, displaying remark-
able average accuracy and knowledge transfer capabilities, as demonstrated

by its elevated backward and forward knowledge transfer metrics.

One of the unique features of CFA is its ability to handle multiple classes
simultaneously, making it an attractive option for real-world applications
where a large number of classes need to be handled. Moreover, CFA demon-
strated some zero-shot learning abilities, which indicate that it can learn
from classes it has never seen before. This is a significant advantage over

traditional methods that require labeled data for every class.

However, CFA does have some limitations. One of the main limitations of
CFA is the requirement for secondary memory to record the previous teacher
models, which can be a challenge in resource-constrained environments. Ad-
ditionally, while our evaluation demonstrated the effectiveness of CFA in
comparison to current state-of-the-art methods, further studies are necessary

to determine its generalizability across a wider range of datasets and tasks.

Despite these limitations, CFA presents a unique and innovative approach
to continual learning through knowledge amalgamation, allowing for the cre-
ation of a single-headed student model that can handle all tasks. By incor-
porating both the JRL and appropriate values of o to control SDA, CFA can
effectively address the problem of catastrophic forgetting, enabling efficient
continual learning. The promising results obtained by CFA in our evaluation
suggest that knowledge amalgamation approaches such as CFA can offer a
significant contribution to the field of continual learning and inspire further

research in this direction.
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Towards Cross-Domain

Continual Learning

The ultimate goal of continual learning is to develop learning agents that can
sequentially handle a sequence of tasks/classes without revisiting past data.
This requires the agent to utilize previously learned experiences to better and
faster learn new tasks while simultaneously preventing catastrophic forget-
ting. Unfortunately, existing methods have been limited to handling only a

single domain, thereby restricting their applicability to specific problems.

To address this limitation, we propose an innovative approach that incor-
porates an inter- and intra-task cross-attention mechanism into a compact
convolution network. Our intuition is that this mechanism implicitly main-
tains previous task domain feature alignments, thereby delaying the data drift
of important attention scores between the tasks. To ensure accurate input
pairs between labeled and unlabeled samples, we employ an intra-task-specific
pseudo-label method. The proposed framework represents a significant step
toward Cross-Domain Continual Learning (CDCL), as it can address the un-
supervised domain adaptation (UDA) problem in a task-incremental learning

setup.

Our experimental analysis demonstrates that the proposed method performs
well on cross-domain continual learning problems under public UDA datasets.
Moreover, the results highlight incremental ideas that could be applied to the
field, such as the use of a compact convolution network and an intra-task-

specific pseudo-label method. Our approach is also suitable for applications

87
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where limited computational resources are available, as it does not require a
large neural network architecture. We made the source-code public available

at github.com/Ivsucram/CLCD!

5.1 Introduction

The area of UDA is well-explored [99, 111-114], but most existing methods
focus solely on single-domain Continual Learning (CL) [45, 81, 82, 158, 160],
which is insufficient to capture all the available knowledge in the world. These
methods are not equipped to handle changes in the task definition due to
drifts in the conditional distributions of the given labels (task drift) as well
as changes in the marginal distributions of the given domains (domain drift).
Hence, single-domain CL methods are prone to feature-alignment catastrophic
forgetting when applied to multi-domain problems because not only are past
experiences being overwritten, but their domain invariance acquaintance is

lost.

We propose the novel Cross-Domain Continual Learning (CDCL) framework.
CDCL puts the cross-attention mechanism into the domain-adaptation CL
setup by introducing a inter- intra-task cross-attention mechanism. Within
continual configurations, the latter enables a category-level feature alignment
between a labeled source domain and an unlabeled target domain. Moreover,
CDCL proposes an intra-task center-aware pseudo-label procedure, which ar-
ranges similar source and target domain samples with reduced noise. Fur-
thermore, CDCL’s rehearsal memory records not only previous source and
target data samples but previously outputted logits, forcing the model to

mimic acquired knowledge when learning new tasks.

To address these limitations, we propose the novel Cross-Domain Continual
Learning (CDCL) framework. CDCL introduces an inter- intra-task cross-
attention mechanism into the domain-adaptation CL setup. The mecha-
nism is a transformer-based approach that maintains category-level feature

alignment between a labeled source domain and an unlabeled target domain.

IPaper submited to the Proceedings of the IEEE International Conference on Data Engineer-
ing, IEEE ICDE 24
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Moreover, CDCL incorporates an intra-task center-aware pseudo-labeling pro-
cedure, which arranges similar source and target domain samples with re-
duced noise. The process of intra-task center-aware pseudo-labeling ensures
a trade-off between exploration and exploitation by offering the model an

adequate amount of diverse training data.

CDCL is a significant step toward addressing the cross-domain continual
learning problem, being able to solve the UDA problem in the task-incremental

learning setup.

We present a three-fold contribution in this work

— A new framework named Cross-Domain Continual Learning (CDCL)
that addresses the unsupervised cross-domain (UDA) task-incremental
learning problem while preserving a balanced stability-plasticity trade-
off.

— An inter- intra-task cross-attention mechanism that aligns domain-specific
features in current tasks while consolidating previously acquired align-
ment knowledge. This approach mitigates the feature-alignment catas-

trophic forgetting of related knowledge domains.

— An intra-task-based center-aware pseudo-labeling method to identify sim-

ilar task-specific samples between domains and decrease the noise.

5.2 Problem formulation

Consider an incremental data flow denoted by (Ds,, D7, ), where the data pairs
(Xs,,Ys,) follow the distribution (Xs,, Ys,) “ D, (Xs, Ys), and the unlabeled
inputs X7. follow the distribution (X7;) % D7.(Xt). These data are organized
into a series of sequential tasks denoted ast; € T = 1,--- ,T, where the total
number of tasks T is initially unknown. The primary objective here is to
train a predictive model f: (XsU X7) x T — Y7, which can be queried "at
any point” to predict the target vector yr, associated with a sample from the

target domain 7y, where (x7, y7¢) ~ P.

Solving this problem is not straightforward due to the challenges of dealing
with ”limited labeled data in the target domain.” Additionally, the model
must handle ”potential shifts in tasks,” where the distributions P;(Xs, Ys)
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FiGUuRrRE 5.1: The proposed framework. The main contribution is highlighted
with purple: The inter- intra-task cross attention, responsible for aligning the
source and target feature domains and mitigating its catastrophic forgetting
when new tasks arrive. The first inter- intra-task cross-attention block propa-
gates the target attention signal, as no cross-attention signal is available. b; is
omitted for simplicity. The fC™(.) is a single-head output used for class incre-
mental learning (CIL) scenarios along with the latest K7 and by instantiated.
Meanwhile, the fT™(.) is a multi-head output used for task incremental learn-
ing (TIL) scenarios with the respective K; and b;, as the task-identifier ¢; is
provided.

are not equal to P, 1(Xs, Ys) and P,(X7,Yr) are not equal to P, 1(X7, Y7),
and ”changes in data domains” where P;(Xs) is not equal to P(X7) and
P,(Ys|Xs) = P(Y7|X7) during the training process.

5.3 Proposed method

The Cross-Domain Continual Learning (CDCL) framework effectively miti-
gates the catastrophic forgetting of domain-invariant features. An overview
of the framework is presented in Figure 5.1. The major contributions of the

CDCL framework are as follows:

1) Inter- intra-task cross-attention: This is an incremental transformer block

that implicitly retains information from previous tasks into the attention
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maps. The cross-attention mechanism aligns domain features in current
tasks and consolidates previous alignment knowledge, alleviating the feature-

alignment catastrophic forgetting of related knowledge domains.

2) Intra-task center-aware pseudo-labeling: This component generates syn-
thetic labels for the incoming unlabeled target inputs based on the intra-task
information, integrating the same into the inter- intra-task cross-attention
maps. It identifies similar task-specific samples between domains, resulting
in accurate input pairs between labeled and unlabeled samples. The proposed
center-aware pseudo-labeling method reduces the noise in similar source and

target domain samples.

5.3.1 Inter- intra-task cross-attention mechanism

The proposed cross-attention technique is founded upon the Compact Con-
volutional Transformer (CCT) [161] sequential pooling approach, a method
that employs attention to perform pooling over the convolutional tokenizer.

Consider an image z; € RT*WXC that is a part of task t;:

xe = MaxPool(ReLU(Conv2d(z;))) (5.1)

In this case, Conv2D is equipped with d filters, which matches the number
of dimensions in the transformer backbone’s embedding—thus preserving lo-
cal spatial details. The resulting convolution, z., takes the place of patch
tokens in the Vision Transformer (ViT) [162]. Subsequently, z.; is projected
into global query vectors Q € R and global value vectors V € R4, Ad-
ditionally, z is also projected into task-specific key vectors K; € R and

a task-specific bias vector b; € R*",

The self-attention mechanism is subsequently employed:

Tpi = ——F=—
Vid

Here, z;, represents the output of a transformer encoder consisting of L lay-

% (5.2)

ers, and d denotes the overall embedding dimension. The cross-attentionn
component is derived from the self-attention module [163]. The key distinc-

tion lies in the input for the cross-attention mechanism, which consists of
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image pairs from the source and target domains, specifically xg, and z7%.

The computation for the cross-attention component is as follows:

R QsK/ +b;
Li \/C_Z

Here, Qg refers to the global queries derived from image xg,, and Vy signifies

e (5.3)

the global values originating from image zr,. It is essential to note that the
convolution token of x7, is also projected into task-specific K; and b;, result-
ing in an inter-task projection. A new pair, K;;; and b;,1, is generated when
a new task emerges, while previously learned K ... ; and by ... ; remain fixed,
conserving the knowledge from prior feature-aligned tasks and constructing

the current feature-aligned knowledge based on the global Q and V.

The attention maps are utilized to produce an importance weighting for each

input convolution token:

a7, = softmax(g(zy,)") (5.4)

2 = 2wy, = softmax(g(zr,)") x zy, (5.5)

In the subsequent portions of the chapter, this entire procedure is streamlined

using the following notation:

2z = a(x;) (5.6)

The ultimate feature output is produced by flattening z; € RY*?. These
features can then be passed through a classifier for both training and assess-
ment. CDCL examines z; in terms of both inter-task (CIL) and intra-task

(TIL) approaches.

QTIL — fTIL(ZZ’) (57>

@CIL — fCIL(Zi) (58)

2Such input is omitted from most further notations, but it should be clear to readers that
when the attention mechanism receives two inputs, it is indeed the cross-attention mechanism
that is being displayed
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From here, the following objective functions are applied:

L = Zyg log(75™) (5.9)
LE == " yslog(™) (5.10)
LY =" s log(g7™) (5.11)

In this context, yg represents the label vector from the source domain, while

j$ are the output vectors of the source input and target input,

respectively, as processed by the intra-task classifier. Additionally, ygfg#f de-

g§' and g%

notes the output vector of the inter-intra-task cross-attention applied to both
the source and target image vectors via the intra-task classifier. Analogous

objectives are optimized using the inter-task classifier:

Lt = Z ys log (™) (5.12)
Lt = — Z ys log(7) (5.13)
LT =" g8 log (™) (5.14)

We will refer to the inter-task and intra-task losses as a single objective

throughout the chapter:

ﬁCIL ECIL +£CIL +£%IL (515)

LT = T T T (5.16)

5.3.2 Intra-task center-aware pseudo-label

We construct a set P that comprises pairs of similar inputs from both the

source and target domains to guarantee feature alignment on samples that
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look similar. The formation of P takes into account both feature and la-
bel similarities. We extend the work of Liang et al. [132] to enhance inter-
task alignment by incorporating intra-task knowledge into their center-aware
pseudo-label mechanism. Upon the arrival of a new task, a warm-up phase
commences in which the classifiers train exclusively on source domain in-
puts. Once the warm-up stage concludes, we establish category centroids
in the target domain via weighted k-means clustering, based on intra-task

classification information and updating it with every training epoch?:

Yo, i"aler)

Cr =
~TIL
ZDTZ, Yr

(5.17)

In this case, 7' corresponds to the intra-task prediction on target input

samples, while & denotes the number of classes present in the current task.

Target data pseudo-labels are generated using the nearest neighbor classifier:

yr = arg mkin d(cg,a(xr)) (5.18)

with d( -, -) denoting a distance metric, such as cosine similarity or Euclidean

distance.

Finally, the set P is updated based on the pseudo-labels, eliminating noise
and solely permitting paired instances that align the source input label with

the target-generated pseudo-label:

P={(zs,ys,z71)|Vrs € a(Xg),Vor € a(X7),arg min d(zs,z7)Ays = yr}
(xSJJS,fET)
(5.19)

5.3.3 Sample rehearsal

Even though neural networks remain vulnerable to catastrophic forgetting, it
is postulated that remnants of prior learning experiences persist within the
network’s weights. As such, the practice of rehearsing samples serves as an
efficient method for guiding these remnants back towards the representation

of earlier knowledge. Nevertheless, the memory capacity is limited, either due

3We reconstruct the centroids at each training epoch.
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to a fixed size or an exceedingly slow expansion rate in relation to the influx
of new tasks. Consequently, it becomes crucial to select samples that more
accurately reflect the previously acquired feature alignment knowledge, thus
facilitating superior regeneration of the remnants. Upon completion of the
current task t; training, ||M]/t;] records® possessing the greatest intra-task
confidence, given by maz(YZ™F), or max(YFTF) if drawn, are retained in the

memory M.

In order to retain information about earlier tasks, our objective is to minimize

the subsequent loss functions:

L3 ==y log(f ™ (a(zg)) fM (alaF))) (5.20)

Lr =) fM(aleg, o)) S (alef)) (5.21)

In these equations, z%, zf y® denote the source image, target image, and the
true source labels documented in the memory M, respectively. The intuition
here is that, while learning a new task, the inter-task connections (CIL) of
the model should try to preserve previous intra-task behaviors (TIL). This is
done to forcing the model to replay previous intra-task (TIL) representations
recorded in memory through the inter-task parameters (CIL). Such equations
can be seen as KL divergences between different sets of previously learned

distributions.

Simultaneously, CDCL strives to safeguard the demarcations of previously

learned tasks through the utilization of intra-task logit replay:

~

zZ _ R1, Yr ?)5
L5 =" y&log( FO (a(2)) T (a( ) (5.22)

where §& §% correspond to the source logits and target logits archived in

memory M.

Ultimately, we combine the rehearsal objectives as follows:

Lrp=LY+LP+ L% (5.23)

4Each record is comprised of the tuple (zs, 27, ¥ys, QSIL, Q%IL), stored in memory with corre-

sponding notation (xg, x?, y', Qg, @?), where R signifies ”Rehearsal”.
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A concise depiction of the manner and order in which CDCL optimizes each

of its objectives can be observed in Algorithm 3.

5.3.4 Time Complexity Analysis

The runtime complexity of the proposed technique can be broken down into
two primary steps: the convolution-based tokenization process and the inter-

and intra-task cross-attention mechanism.

The convolutional tokenizer, as seen in Equation (5.1), carries out O(n) op-
erations for each layer L., with n representing the size of the input feature
space for ;. A cross-attention mechanism involves a linear transformation
of the input into the three projections Q,V, and K, followed by a subse-
quent multiplication of dimensions (d x d), leading to a complexity of O(nd?).
To compute the output of the attention mechanism as per Equation (5.3),
the complexity is O(dn?) for evaluating QK;'[eri, and O(nd?) for the post-

Vd
multiplication involving V, with this process repeated across L, layers. As a

result, the single forward-pass time complexity for CDCL can be expressed

as:

O( nL. +(dn®+nd*)L,) (5.24)
~— —_—
Conv Token Cross-attentions

This complexity analysis does not account for the influence of general-purpose
accelerated hardware architectures, such as GPGPUs or TPUs, on the algo-
rithm’s performance. Ultimately, due to parallelism, transformers are still
capable of exhibit fast execution times despite its higher computational com-
plexity [163].

5.3.5 Theoretical analysis

Following Theorem 2.1, we can compute the error bound for the cross-domain

continual learning problem.

Theorem 5.1. (Lao et al. [164]) For every new sequential task t; € T =
{1,---,T} and incoming domain distributions Ds,(Xgs) and Dr,(Xr), let
dunn, = duawn(Zs,, Zr,) be the domain discrepancy of the feature distribu-

tions Zs, and Zr,. The target domain error er, at task t; is bound by:
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Ery < €S, + d?—LAHi + CZ* (525)

where CF = ming(eg, +e1,) is the error of an optimal classifier for both source

domain Dg, and target domain Dy, at task t;.

Theorem 5.2. (Lao et al. [16}]) For every new sequential task t € T =
{1,---,T} and incoming domain distributions Ds,(Xg) and Dr(Xr), let
dynn;, = duawn(Zs,, Z1,) be the domain discrepancy of the feature distribu-
tions Zg, and Zr,, and Pg,, Py, denote respectively the conditional distribu-
tions of labels Ys, given the raw features Zg, and memory stored features Zyy,.

The total error of the target domain error ep at task t is bound by:

t—1

t
er <> (s, +duan) + Y Dii(Pus||Pr,) + C* (5.26)

=1 1=1

where C* = ming Y t_, (g5, +e1,) is the error of an optimal classifier for both

source domain Dg, and target domain Dr,. across all tasks.

Proof. At task t, the error of previous learned target experiences Dr,(Xr)
fori € {1,--- ,t— 1} is estimated by ér, since we rehearse Z);, to mimic Zg,

during training. The total error of the target domain error e at task ¢; is:

t—1
Er =¢r, + E ET;
i=1
t—1

< ey, + duan, + Y _(es, + duan,) +C”

=1

(5.27)

Additionally, the divergence between Pg, and P, can be understood as:

P (ys. | Z
KL(PMZ<Y51|ZM1>||PR1(YSz|ZS'L)) = Z PM’<yS’|ZMl)log PMl((ySZ|ZMZ))
JeeYs R; ySl‘ S;
Pas (Yo, Zor)
— E|log —Mi\ " Sil = M)
[ ©8 PR¢<YSi ZSZ> ]

=&y, — €5,
(5.28)
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Hence, we can estimate the error for each source domain €g, in a specific task

t as:

es; = Dxv(Pa, (Ys,| 200, || Pr, (Ys,1Zs,)) — és, (5.29)

Finally, we can estimate the total error bound for the target domain 7 at a
task t by:

t—1

er <es, + duan, + Y _(Es, + duan,) + C*
=1
t—1

=e€g, + dq.[Aq.[t + Z(&Si + DKL(PMiHPRi) + dHAHi) + C* (5.30)
i=1
t—1

t
= (es, + dunrn,) + > Dxi(Pagl|Pr,) + C*-
i=1 i=1

]

In conclusion, we can employ Theorem 5.2 to elucidate the rationale be-
hind the objective selections in CDCL, based on the aforementioned proof:
LG O LTI £ DTIL contribute to the formation of a feature-aligned domain-
invariant latent space, associated with dHA®H,;; Lr corresponds to the KL
term, minimized by the samples chosen through the intra-task center-aware
pseudo-label strategy; and lastly, LS™, LS adapt CDCL to the source do-
main, reducing the incremental source domain error rate €S;. C* signifies the
model architecture’s aptitude for discovering an optimal solution across both

data domains.

5.4 Experiments

5.4.1 Benchmarks

The proposed approach is evaluated on five widely-used UDA benchmarks,
including VisDA-2017 [165], Office-Home [166], Office-31 [167], DomainNet
[168], and MNIST<«USPS [141, 169].
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Algorithm 3: CDCL learning pseudo-algorithm

Input: Dg, Dr

Output: f: (XsUX7)xT = Yr

for ¢t; in T do

XS, YS — Dsi;

Xr DTi;

Random initialize K; and b;;

for epoch in epochs do

LOM — LTIV o Ln 0

if epoch < warm-up-epochs then

/:%i — =Y Ys 1og(1;§i); # Eq.5.9

| L™+ —> Yglog(Yy™); # Eq.5.12

else
Compute ¢ and Y/T; # Eqgs. 5.17 and 5.18
Compute P; # Eqgs. 5.19 and 5.19
LO LG 4 O 4 O & Eq.5.15
LM pTL T g1 4 Eq.5.16
if t; > 1 then

| Lrp+ L3+ LB+ LE; # Eq.5.23

L« ECIL +£TIL +£R;
| 0 < 0 — \VyL; # Update model parameters
| Stores ||M]/t;] records per task in memory M;

MNIST+«+USPS: This benchmark comprises gray-scale images of hand-
written digits, representing a classical problem in computer vision and ma-
chine learning. The dataset includes 10 distinct classes, corresponding to the
digits from 0 to 9. These classes are divided into 5 tasks, with each task
containing 2 classes. The objective of this benchmark is to evaluate the per-
formance of domain adaptation methods when dealing with different styles

of handwritten digits.

VisDA-2017: This dataset is designed for visual domain adaptation, con-
taining a source dataset of synthetic 2D renderings created from 3D models,
generated from various angles and under different lighting conditions. The
objective dataset comprises of lifelike pictures captured in authentic situa-
tions. The 12 classes in the dataset represent objects such as cars, bicycles,
and horses. These classes are divided into 4 tasks, with each task containing
3 classes. The main challenge in this benchmark is to adapt the learning from

synthetic to real-world images.
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DomainNet: This comprehensive benchmark features 345 classes of com-
mon objects, represented across six distinct domains: Clipart (clp), Info-
graphics (inf), Painting (pnt), Quickdraw (qdr), Real (rel), and Sketch (skt).
The dataset’s 345 classes are split into 15 tasks, with each task encompassing
23 classes. The aim of this benchmark is to assess the domain adaptation
performance when confronted with varying artistic styles and visual repre-

sentations of objects.

Office31: This dataset contains 31 object categories distributed across three
domains: Amazon (A), DSLR (D), and Webcam (W). The 31 categories
consist of objects typically encountered in office settings, such as keyboards,
laptops, and chairs. To simplify the baseline setup, the “trash can” category
was excluded, resulting in a dataset with 30 classes divided into 5 tasks of
6 classes each. The main challenge of this benchmark is to evaluate the
domain adaptation capabilities when dealing with different image qualities

and acquisition devices.

Office-Home: This benchmark includes 65 categories across four domains:
Art (Ar), Clipart (Cl), Product (Pr), and Real-World (Re). The dataset’s 65
classes are partitioned into 13 tasks, each containing 5 classes. The categories
cover a wide range of everyday objects found in homes and offices, such as
furniture, kitchenware, and electronic devices. The goal of this benchmark is
to assess the performance of domain adaptation techniques when confronted

with varying levels of visual abstraction and different image sources.

5.4.2 Baselines

We evaluate our approach against state-of-the-art methods in UDA tasks,
such as CDTrans-S and CDTrans-B [113], as well as cutting-edge techniques
in continual learning, including DER [82], DER++ [82], and HAL [158]. We
also compare our method against MLS [170], which perform supervised cross-

domain continual learning.

For the experiments, we designed two variants of CDCL: a smaller instance
tailored for the MNIST<>USPS experiments and a larger one suitable for
all other benchmarks. The compact CDCL version comprises 7 transformer
encoder layers, a 2-layer convolution tokenizer with a 7x7 kernel size, and a

convolution input feature space measuring 28x28x1. In contrast, the more
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Method |[A—=DA—WD—AD—-WW—=AW-—=DMN—-USUS—MN VisDA-2017
DER 445 420 3.99 11.50 4.29 9.14 62.79 73.16 11.43
DER++ 421 418 4.21 851 3.74 842 79.81 73.24 10.24
HAL 4.62 5.02 393 577 3.70 528 8097 73.38 9.84
MSL - 4.75 4.10 3.89 11.65 4.67 9.23 63.01 71.43 12.21
CDTrans-S = 2.50 5.20 4.50 5.20 4.50 2.50 10.78 10.68 8.90
CDTrans-B| | 5.96 3.90 4.70 3.60 4.70 5.80 8.77 9.42 7.85
Ours (ACC) 26.22 22.43 28.74 55.44 26.54 53.21 91.91 81.48 40.80
Ours (FGT)| | 595 6.86 0.33 6.38 3.41 9.38 7.38 10.22 7.94
DER 207 3.62 523 2481 7.34 26.50 29.71 29.34 10.09
DER++ 207 3.775 636 11.11 4.43 19.25 40.82 33.06 9.32
HAL = 4.35 5.81 3.23 543 4.43 11.18 29.08 25.94 8.50
MSL Ol 3.23 442 443 25.23 8.01 24.20 30.22 30.56 12.23
Ours (ACC)| |9.68 10.98 7.02 27.97 6.73 28.98 66.73 52.50 10.16
Ours (FGT)| | 414 437 119 830 154 7.20 37.03 27.81 26.20

TABLE 5.1: Comparison with SoTA methods” ACC on Office-31,
MNIST«+USPS, and VisDA-2017. The best result in each experiment is high-
lighted with bold font, while the second-best is highlighted with underline font.

Method [Ar—ClAr—Pr Ar—Re Cl—Ar Cl—-Pr Cl-=Re Pr—Ar Pr—Cl Pr—+Re Re—Ar Re—Cl Re—Pr

DER 226 238 293 229 337 309 231 262 318 3.7 177 1.72
DER++ 225 240 277 260 334 326 232 251 312 402 341 3.56
HAL 208 210 253 236 284 283 207 242 255 343 3.07 3.40

MSL |3 226 235 401 4.02 394 365 334 332 372 402 224 214
CDTrans-S|~ 150 1.80 1.50 150 180 150 150 150 150 1.50 1.50 1.80
CDTrans-B 1.00 120 140 140 120 140 140 100 1.65 170 1.12 1.20
Ours (ACC)| |24.44 25.18 26.20 21.25 26.64 23.54 22.89 24.21 29.44 26.25 26.27 31.25
Ours (FGT) 733 817 1097 10.90 9.93 11.06 9.05 1032 13.89 1275 11.05 19.17

DER 440 475 845 486 10.63 930 445 6.58 9.55 500 227 221
DER++ 3.89 493 647 552 11.11 11.06 4.49 550 845 6.84 4.00 5.23
HAL 401 327 624 470 716 728 338 518 466 354 3.03 474
MSL 402 435 6.02 470 644 682 440 510 712 442 364 3.66
Ours (ACC)| | 4.15 4.77 6.01 5.56 832 635 392 502 629 645 6.26 8.35
Ours (FGT)| | 10.36  8.15 13.52 10.15 12.76 11.78 11.96 11.48 21.80 19.45 13.06 27.14

CIL

TABLE 5.2: Comparison with SOTA methods’ ACC on Office-Home. The best
result in each experiment is highlighted with bold font, while the second-best is
highlighted with underline font.

extensive version features 14 transformer encoder layers, a 2-layer convolution
tokenizer with a 7x7 kernel size, and a convolution input feature space of
224 %224 x 3.

All baseline models were trained for 125 epochs, consisting of 25 warm-
up epochs and 25 cooldown epochs, with a fixed memory capacity of 1000
records. CDTrans-S and CDTrans-B were implemented using the same hyper-
parameters outlined in the original paper [113]. DER, DER++, and HAL

were executed with the optimal hyper-parameters detailed in the Mammoth
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FiGURE 5.2: The evolution of CDCL’s ACC in the VisDA-2017 for both TIL
and CIL scenarios. The shared area represents the standard deviation of R;;, j €
[1,4], the accuracy on such a task by a model that learned only previous tasks.

library [171]. CDCL employs the AdamW optimizer [172], featuring a warm-
up learning rate of A\ = 107°, a cosine annealing learning rate that starts at

A =5%107% and a minimum learning rate of A = 1075, All experiments were
conducted using an NVIDIA GeForce RTX 2080Ti with 11GB of VRAM.

5.4.3 Numerical results

We examined the ability of all baseline models to address the feature align-
ment catastrophic forgetting problem. The results for both the TIL and CIL
scenarios can be found in Tables 5.1, 5.2, and 5.3, which compare the average
accuracy of all baselines and the additional performance gains of CDCL’s

average forgetting.
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DER clp inf pnt qdr rel skt DER clp inf  pnt qdr rel skt
clp - 053 055 049 0.51 0.53 clp - 1.29 132 1.21 132 1.31
- inf 0.55 - 0.56 0.52 0.52 0.51 a inf 1.26 - 1.32 132 124 1.32
= pnt 0.54 0.52 - 0.54 049  0.50 5 pnt 1.32 1.33 - 1.27 131 1.26
qdr 0.53 0.52 0.51 - 049  0.52 qdr 1.26 1.30 1.29 - 1.19 1.26
rel 0.53 0.53 050 0.49 - 0.51 rel 1.29 127 122 1.23 - 1.23

skt 0.51 0.52 0.51 052 0.53 - skt .32 129 120 1.30 1.32 -
DER++ clp inf pnt qdr rel skt DER++ clp inf  pnt qdr rel skt
clp - 0.55 0.55 048 0.56  0.57 clp - 1.30 1.34 118 1.24 1.27
A inf 0.55 - 0.53 0.55 0.52 0.52 a inf 1.23 - 1.31 1.34 128 1.28
= pnt 0.52 0.52 - 0.56  0.57  0.54 5 pnt 1.35  1.30 - 1.24 126 1.23
qdr 0.57 058  0.57 - 054  0.52 qdr .32 1.27 1.35 - 1.25 1.35
rel 0.55 0.564  0.54 0.55 - 0.56 rel 1.36 128 1.25 1.31 - 1.24

skt 0.55 0.52 0.54 057 053 - skt 1.29 129 120 122 1.24 -

HAL clp inf pnt qdr rel skt HAL clp inf  pnt qdr rel skt
clp - 048 048 043 048 047 clp - 0.88 0.87 081 090 0.86
A inf 0.48 - 0.50 045 049 045 a inf 0.91 - 0.87 085 0.85 0.85
= pnt 0.45 0.47 - 0.51 049 048 5 pnt 0.92 0.86 - 0.84 0.86 0.86
qdr 0.48 0.46  0.46 - 048  0.46 qdr 0.88 0.91 0.88 - 0.84 0.85
rel 0.47  0.45 045 0.48 - 0.47 rel 0.87 0.85 0.88 0.87 - 0.92

skt 0.46 0.46 046 049 045 - skt 094 091 0.89 090 0.88 -

MSL clp inf pnt qdr rel skt MSL clp inf  pnt qdr rel skt
clp - 053 0.53 048 0.53  0.53 clp - 1.30 132 120 1.30 1.30
A inf 0.54 - 055 054 054  0.50 = inf 1.24 - 1.30 1.30 1.26 1.30
= pnt 0.55 0.52 - 0.54  0.52 0.52 5 pnt 1.35  1.30 - 1.26 130 1.26
qdr 0.55 0.55 0.55 - 0.50  0.52 qdr 1.30  1.30 1.30 - 1.20 1.24

rel 0.55 0.53  0.52  0.53 - 0.55 rel 1.32 1.27 1.23 1.27

- 1.23
skt 0.53 0.52 053 055 053 skt .30 1.29 120 1.25 1.30 -
CDTrans-S clp inf pnt qdr rel skt CDTrans-B | clp inf  pnt qdr rel skt

clp - 0.00 0.00  0.00 0.00 0.00 clp - 0.00 0.00 0.00 0.00 0.00
. inf 0.30 - 0.40 0.30 0.30 0.30 a inf 0.20 - 0.20 0.30 0.20 0.20
; pnt 0.20 0.30 - 0.30 0.0 0.40 ; pnt 0.20 0.40 - 0.30 0.20 0.20
qdr 0.20 0.30 0.40 - 0.30 0.30 qdr 0.20 0.40 0.20 - 0.20 0.20
rel 0.00 0.00 0.00  0.00 - 0.00 rel 0.00 0.00 0.00 0.00 - 0.00
skt 0.30 0.30 0.40 0.30 0.30 - skt 0.20 040 0.20 0.30 0.20 -
Ours (ACC) | clp inf pnt qdr rel skt | Ours (ACC) | clp inf  pnt qdr rel skt
clp - 10.86 5.70 4.68 7.48 3.40 clp - 1.33 0.63 045 2.06 2.17
Q inf 21.10 - 10.12 2.03 13.50 8.77 I inf 2.59 - 1.26 0.25 1.64 1.02
E pnt 22.80 10.84 - 2.52 14.61 9.96 6 pnt 298 1.31 - 0.28 1.77 1.18
qdr 16.43 2.32 3.85 - 6.96 4.64 qdr 1.94 0.29 048 - 0.89 0.58
rel 26.22 12.26 11.85 2.57 - 10.23 rel 3.24 1.50 1.49 0.31 - 1.20
skt 27.62 11.58 11.07 5.15 13.93 - skt 3.49 1.35 1.31 0.58 1.64 -
Ours (FGT) | clp inf pnt qdr rel skt | Ours (FGT) | clp inf  pnt qdr rel skt
clp - 4.22 6.42 1.44 10.51 2.44 clp - 5.19 812 1.25 11.39 254
q inf 7.73 - 3.93 081 4.96 3.45 A inf 9.46 - 459 096 6.27 4.07
E pnt 9.04 4.21 - 0.97 542 3.88 8 pnt 11.18 5.22 - 1.17 6.73 4.61
qdr 6.19 0.89 1.50 - 2.83 1.91 qdr 737 1.08 1.83 - 3.41  2.32
rel 10.25  4.70 4.59 1.06 589 579 1.24

3.60 rel 12.36

5 - 4.49
skt 13.20 517 551 247 6.70 -

skt 11.14  4.32 438 1.85 5.52

TABLE 5.3: Comparison with SOTA methods’ ACC on DomainNet. The rows
represent the source dataset, while the columns represent the target dataset.
The best result in each experiment is highlighted with bold font.

Our analysis shows that CDCL outperforms all baselines in the TIL setup.
This superior performance can be attributed to CDCL’s inter- and intra-
task cross-attention mechanism, which preserves prior task information in the
attention maps (queries and values projections) while maximizing intra-task

knowledge in the key vectors. Additionally, CDCL excels in situations where
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the target domain closely resembles the source domain, as observed in the
MNIST<«+USPS experiments. This is primarily due to its intra-task center-
aware pseudo-labeling mechanism, which enables successful semi-supervised
prediction of the target domain. The results obtained by CDCL in the D—W
and W—D settings provide further evidence supporting this claim. Lastly,
CDCL is the only method capable of demonstrating learning and mitigation

of catastrophic forgetting in the DomainNet experiments.

Nevertheless, certain limitations should be acknowledged. All methods, in-
cluding CDCL, require further improvement in addressing the CIL scenario.
CDCL adopts the experimental replay strategy introduced by DER and
DER++ to rapidly retrieve forgotten information; consequently, all three
baselines exhibit similar performance in such demanding experiments. The
underlying hypothesis for this approach is that the forgotten knowledge still
exists in some residual form within the network parameters and can be par-
tially recovered through experience replay. Future research should focus on
developing an enhanced mechanism to preserve inter-task common knowledge

while adapting to new tasks.’

5.4.4 Ablation study

In our investigation, we delved into the influence of the three losses-block on
the final ACC performance of CDCL. Additionally, we explored the impact of
the inter- intra-task cross-attention, which involves evaluating how a standard
simple attention mechanism on the source domain enables the network to
generalize to the target domain. The findings from this investigation are

presented in Table 5.4.

In terms of overall impact, the intra-task loss has the most significant ef-
fect. This highlights the importance of intra-task loss in maintaining the
performance of the model across various tasks. Consequently, focusing on

the optimization of intra-task loss can lead to further improvements in the
CDCL approach.

Following the intra-task loss, the rehearsal loss has the second most substan-

tial impact on the model’s performance. This suggests that the rehearsal loss

5The work presented by Lao et al. [164] appears to address the CIL scenario. However, the
authors have not released their method’s source code, and their experimental setup deviates
significantly from the standard.
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Experiment

Loss / Module
£CIL LTIL [fR

MN—=US
TIL CIL

US—MN
TIL CIL

A
B
C

v vV
- vV
v ooV
v oovooo-

91.91 66.73
81.88 63.71
59.17 46.33
68.71 19.59

81.48 52.50
67.3147.86
60.20 34.65
71.7215.83

Simple attention

IR UE

62.72 29.82

73.20 29.50

TABLE 5.4: Ablation study analyzing the effect of each loss module into CDCL’s
ACC. Additionally, a study where the inter- intra-task cross-attention mecha-
nism is substitute by a simple attention mechanism is presented. All losses are
present in the simple attention mechanism, but they only contains information

about the source domain.

plays a crucial role in preserving previously learned knowledge and preventing

catastrophic forgetting.

Interestingly, the minimal impact on performance caused by the absence of
inter-task loss indicates that the majority of knowledge is stored in the K;
and b; projections. This observation implies that these projections are vital

for retaining and transferring information across tasks.

Moreover, in the context of the CIL scenario, rehearsal loss plays a more
critical role in maintaining and adapting inter-task information. This finding
underscores the importance of developing strategies that effectively balance
the different loss components to enhance CDCL’s performance in various

scenarios

Finally, it was noted that when utilizing the standard simple attention mech-
anism, CDCL’s main contribution is compromised, leading to a performance
that closely resembles that of DER (Domain-Adversarial Network for Domain-
Adaptive Visual Recognition) and DER++. This outcome underscores the
unique and significant impact of CDCL’s approach to cross-domain continual
learning and the importance of its inter-intra-task cross-attention mechanism

in achieving superior performance over alternative methods
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5.5 Conclusion

In this work, we introduce CDCL, a novel framework aimed at cross-domain
continual learning that tackles the unsupervised cross-domain problem within
the task-incremental learning framework. CDCL employs two primary mech-

anisms to achieve this goal.

First, the inter- and intra-task cross-attention block enables the model to
effectively learn and retain knowledge across multiple tasks. This is achieved
by utilizing the transformer architecture, which has shown great success in

various domains.

Second, the intra-task center-aware pseudo-labeling procedure allows CDCL
to further enhance its performance by making semi-supervised predictions in
the target domain. This mechanism aids the model in generalizing to new

tasks and domains while maintaining its performance on previous tasks.

By combining these two mechanisms, CDCL leverages the strengths of the
transformer architecture to learn multiple domains in a continual learning
setup, thereby addressing the challenges posed by unsupervised cross-domain

problems in task-incremental learning.



Chapter 6

Conclusions and Future

Directions

The ultimate objective of machine learning is to emulate human-like learn-
ing by continuously and automatically acquiring knowledge across various
domains. As the field of artificial intelligence experiences a renaissance and
machine learning algorithms continue to evolve, lifelong learning is becoming
increasingly significant in realizing this objective. Indeed, machine learning
has already outperformed humans in numerous specialized tasks, such as im-
age and object recognition [28, 29], video games [30, 31], as well as speech
generation and recognition [32, 33]. Nevertheless, to achieve general intelli-
gence, a system must possess the capability to accumulate and learn diverse

types of knowledge over time.

We anticipate that the field of lifelong learning will attract a substantial
amount of research effort in the coming years for several compelling reasons.
First, traditional machine learning approaches are reaching a point of dimin-
ishing returns, as further advancements become increasingly complex and
resource-intensive. Leveraging past knowledge to facilitate learning is a nat-
ural method to mimic human learning processes, thereby offering a potential

avenue for growth in the field.

Second, the vast and ever-growing amount of data available across different
domains presents an opportunity for lifelong learning agents to concurrently

acquire multiple types of knowledge. This data explosion enables machine

107
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learning models to become more versatile and adaptive, handling a variety

of tasks that span numerous domains.

Third, continuous lifelong learning has become necessary due to the increasing
prevalence of intelligent systems that interact with humans and the physical
world. Examples of such systems include robots and autonomous devices op-
erating in dynamic environments, chatbots that engage with users in natural
language, and virtual assistants that assist in various tasks. The development
of these applications requires lifelong learning to be an indispensable element
due to the crucial nature of being able to acquire new knowledge and adjust

to diverse situations and obstacles.

Lastly, the pursuit of lifelong learning also aligns with the broader goal of cre-
ating more human-like Al systems. By integrating the ability to learn contin-
ually across diverse domains, AI models can become more robust, adaptable,
and capable of tackling complex real-world challenges. This ongoing pursuit
will undoubtedly fuel the growth and innovation within the field of AI and

machine learning, driving us closer to achieving true general intelligence.

6.1 Conclusions

The research studies presented in this report tackle the problem of lifelong
learning, precisely sequential learning (online learning) and incremental learn-
ing (continual learning) upon an optics of transfer learning, i.e., on how these
fields can enhance from the exploration of techniques that includes learning

from multiple data sources simultaneously.

The major conclusions from the research studies presented in this report are

as follows:

— Online Unsupervised Cross-Domain Adaptation: We proposed
ACDC, an innovative framework designed to tackle the challenges of on-
line unsupervised cross-domain adaptation. This problem is commonly
encountered in transfer learning scenarios where there are insufficient la-
beled samples in the target data distribution. ACDC is able to overcome
this constraint and handle several other challenges through its various

mechanisms and components.
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ACDC can handle the following challenges through its various mecha-

nisms:

A. Scarcity of labeled samples: To address this challenge, ACDC builds
a common latent space representation using a denoising autoencoder
between the source and target domains. This shared latent space
is then learned by a discriminator, treating the two domains as a
single data distribution. By doing so, ACDC can effectively use the
labeled samples from the source domain to enhance the classification

performance on the target domain.

B. Different marginal probability distributions: ACDC uses a gradient
reversal layer in its adversarial domain adaptation mechanism to
force a common latent space in the denoising autoencoder, even if
the marginal probability distributions differ. By aligning the two
domains in the same latent space, ACDC can transfer knowledge

from the source to the target domain.

C. Covariate shift: ACDC’s adversarial domain adaptation mechanism
adjusts the distribution of the input features in the latent space to
match the distribution in the target domain. By mitigating the
impact of dissimilar input feature distributions across source and
target domains, this technique effectively minimizes bias within the

model’s predictions.

D. Asynchronous drift: ACDC is composed of three modules that can
adapt dynamically to changes in the incoming samples from the
source and target domains. The denoising autoencoder module
grows and prunes nodes based on their reconstruction error, while
the adversarial domain adaptation network and the multilayer-perceptron
discriminator module grow and prune nodes based on their classifi-
cation error. This enables ACDC to handle the asynchronous drift
in the data streams effectively and adapt to the changing patterns
of the data in real-time.

E. Contrasting throughput: ACDC can accommodate contrasting through-
put between the source and target data streams. This is achieved by
building a sliding window that contains pairs of source and target
samples. ACDC can then permute and pair these incoming samples

to learn multiple streams generated at different speeds. This feature
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enables ACDC to adapt to various input rates, ensuring that it can
learn from all the available data, regardless of the speed at which it

is generated.

— Class-Incremental Learning via Knowledge Amalgamation: We

propose CFA, a new framework designed to address the issue of catas-
trophic forgetting in incremental learning. CFA utilizes a powerful tech-
nique known as knowledge amalgamation, which is derived from knowl-
edge distillation. Unlike knowledge distillation, which involves transfer-
ring knowledge from a single model (teacher) to another model (student)
without requiring labeled information, knowledge amalgamation goes a
step further by combining knowledge from multiple teachers into a single

student.

To address the problem of catastrophic forgetting, CFA builds multiple
teachers for each task and transfers their knowledge to a final student.
This allows the student to retain its previously learned knowledge while
also learning new tasks incrementally. Moreover, CFA supports hetero-
geneous knowledge amalgamation, meaning that the teachers and stu-
dents do not need to have the same structure. Additionally, the teachers
can have interpolated tasks with each other. This simple yet powerful
solution makes CFA easy to integrate into existing learning pipelines

that are primarily focused on static learning agents.

Towards Cross-Domain Continual Learning: Finally, we propose
CDCL, a new framework that brings unsupervised cross-domain capa-
bilities into a continual learning model. CDCL is designed to address
the feature-alignment catastrophic forgetting problem that can occur in
task-incremental learning scenarios while maintaining a good stability-

plasticity trade-off.
To solve the feature-alignment catastrophic forgetting problem, CDCL

introduces two techniques. The first is an inter- and intra-task cross-
attention mechanism that aligns domain features in current tasks and
consolidates previous alignment knowledge. This mechanism ensures
that the model retains its previously learned knowledge while also adapt-
ing to new domains and tasks. The second technique is an intra-task-
based center-aware pseudo-labeling strategy that identifies similar task-

specific samples between the domains. This strategy enables the model



Chapter 6. Conclusions and Future Directions 111

to effectively transfer knowledge between domains and tasks without

requiring any labeled information.

In a clear and accessible manner, this thesis presents a series of signifi-
cant discoveries made throughout the course of the current research, as

detailed in the following chapters

* Chapter 3 explore the remarkable capabilities of Deep Neural Net-
works (DNNs) in the context of Autonomous Cross Domain Con-
version (ACDC). This research demonstrates how DNNs excel in
learning across multiple interconnected domains in an online set-
ting, even when annotations are absent. ACDC serves as a pioneer-
ing approach to addressing continual domain changes and enhancing

the adaptability of neural networks.

« Chapter 4 introduces the innovative framework known as Catas-
trophic Forgetting Solution via Knowledge Amalgamation (CFA).
This framework has the potential to reshape the landscape of ma-
chine learning. CFA seamlessly transforms traditional offline ma-
chine learning environments into a unified, continual learning frame-
work. It ensures that models remain adaptable and capable of mit-
igating the issue of catastrophic forgetting, thereby enhancing their

real-world utility.

« Chapter 5 delves into the intricacies of the Cross-Domain Continual
Learning (CDCL) framework, providing insights into the architec-
ture and methodologies that facilitate efficient knowledge transfer
and retention across diverse domains. CDCL stands as a testament

to the pursuit of agile and versatile machine learning systems.

These chapters collectively represent the culmination of our research
endeavors, offering valuable contributions to the ever-evolving landscape

of machine learning and lifelong learning methodologies.

6.2 Future Directions

In addition to the contributions of this research thesis, there are several
challenging problems and future directions in lifelong learning, machine

learning, and artificial intelligence that warrant attention. Addressing
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these issues has the potential to fundamentally impact the field and pave

the way for future breakthroughs.

Direct future research directions developed from this research thesis are:

* Cross-Domain in the Class-Incremental Learning Scenario:
In the context of this research thesis, we have successfully intro-
duced a cross-domain continual learning framework. However, it is
imperative to acknowledge that there remains considerable scope for
refinement, particularly in addressing the challenging class-incremental
learning scenario. This scenario, which is prevalent in most real-
world applications, warrants heightened attention due to its practi-
cal significance. Developing a continual learning model capable of
seamlessly integrating knowledge from multiple data sources rep-
resents a pivotal step toward creating agents that can learn in a
manner akin to human adaptability.

Recent efforts aimed at constructing comprehensive class-incremental
learning scenarios have explored orthogonal increments, as eluci-
dated by Farajtabar et al. [173]. In this approach, the gradients
associated with new incoming classes are constrained in specific di-
rections, thereby preserving previously-acquired knowledge. This
promising line of research contributes to the ongoing pursuit of ef-
fective class-incremental learning strategies.

Moreover, when considering superior alternatives for cross-domain
continual learning, as discussed in Chapter 5, the domain of rein-
forcement learning has emerged as particularly auspicious. Recent
advancements in reinforcement learning techniques, exemplified by
(30, 31, 34], offer greater promise in handling unknown scenarios
and novel classes. This approach surpasses the self-supervised and
unsupervised techniques employed in our research [132]. Further-
more, it exhibits the ability to adapt and continue learning over
time, aligning more closely with the requirements of life-long learn-

ing scenarios.

% Cross-Domain on Online Continual Learning: The demarca-
tion between continual learning and online learning is progressively
blurring, foreshadowing a future in which computational agents

will possess the capacity to acquire new knowledge in a streaming
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fashion while safeguarding previously assimilated knowledge. Al-
though extant endeavors like ”"Lambda Learner” [174] have made
strides in addressing the challenge of incremental learning within
data streams, they are generally predicated on the utilization of a
single data source at any given time. We envision a forthcoming
paradigm where computational agents, operating in a cross-domain
milieu, will seamlessly glean insights from multiple data sources
concurrently.

This evolving avenue of research closely intersects with the domains
of novel class discovery (NCD) [175] and domain generalization
(DG) [176], research fields that have remained relatively uncharted
in the context of the present thesis. In brief, NCD is concerned with
the identification and accurate classification of previously unknown
classes within the learned data distribution of a model, whereas
DG signifies a significant advancement beyond domain adaptation.
DG necessitates that machine learning systems exhibit exceptional
generalization capabilities when confronted with unforeseen data
distributions during the inference phase.

The evolving landscape of continual and online learning, i.e. fully
life-long learning, heralds an era of knowledge acquisition marked by
fluidity and adaptability. The integration of multiple data sources,
coupled with the burgeoning domains of NCD and DG, promises to
significantly enrich the capabilities of computational agents, further
bridging the chasm between machine and human learning paradigms.
To further advance the contributions put forth in this thesis, it is
imperative to embark on a trajectory of research aimed at enhancing

each of these accomplishments:

- CFA: The augmentation of CFA demands focused efforts to-
wards the refinement of its core principles. Specifically, there
is a need to establish a framework that facilitates incremen-
tal knowledge amalgamation among two or more models, with
minimal error propagation. This entails achieving a high de-
gree of both backward and forward knowledge transfer during
the amalgamation process. Presently, CFA necessitates the re-

tention of not only past data samples but also previous model
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states. An incremental CFA approach would alleviate the space
complexity associated with the storage of previous model states.

Addressing this challenge is pivotal to the evolution of CFA.
- ACDC and CDCL: While ACDC and CDCL exhibit com-

monalities, they operate within distinct learning settings. To
unlock the potential of a holistic, long-life cross-domain learn-
ing paradigm — one characterized by the continuous assimila-
tion of incoming classes from related domains in real-time — it
is imperative to amalgamate the theories underpinning ACDC
and CDCL into a unified model. However, this ambitious en-
deavor is accompanied by substantial challenges. Realizing this
vision necessitates the development and application of novel
techniques that not only excel in incremental learning but also
exhibit low time complexity. Achieving such a synthesis rep-
resents a formidable task that requires pioneering solutions to
bridge the gap between the complementary strengths of ACDC
and CDCL.

Additionally, Transfer Learning and Continual Learning researchers
should collaborate and integrate existing solutions within other ma-
chine learning subfields, such as contrastive learning [177], multi-
task learning [41], multi-target learning [42], reinforcement learning
with human feedback [178], and few/zero-shot learning [159]. This
would enable us to leverage the strengths of different machine learn-
ing techniques and create more robust and effective models that can
address the challenges of lifelong learning in a more comprehensive
manner.

General future research directions along the fields of Transfer Learn-

ing and Continual Learning are:

- Multi-modal Learning: Multi-modal learning involves pro-
cessing and integrating information from various sensory modal-
ities such as audio, video, and text. Combining transfer learn-
ing and lifelong learning approaches can enable computational
agents to learn and adapt across different modalities, making
them more versatile and capable of handling complex real-world

scenarios.
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- Self-Supervised Learning: Self-supervised learning is an emerg-
ing technology that enables agents to learn from unlabeled data,
leveraging the intrinsic structure and relationships within the
data. Combining this technique with transfer and lifelong learn-
ing approaches can enhance the agent’s ability to learn con-
tinuously from diverse data sources without requiring explicit

supervision.

- Explainable AI: Explainable Al is becoming increasingly im-
portant as models become more complex and data-driven. Trans-
fer learning and lifelong learning approaches that produce in-
terpretable models can help to increase transparency and ac-
countability, enabling users to better understand the model’s

decision-making process.

- Human-ATI Collaboration: The ability of humans and Al to
work together is a critical factor for the success of Al in real-
world applications. Transfer learning and lifelong learning ap-
proaches that enable agents to learn from and collaborate with

humans can create more effective and trustworthy Al systems.

- Active Learning: Active learning involves selecting the most
informative samples from a large unlabeled dataset for labeling
by an expert. Combining transfer learning and lifelong learning
approaches with active learning can improve the efficiency of la-
beling and reduce the amount of labeled data required, enabling

agents to learn more effectively and efficiently.

- Real-Time Learning: Real-time learning involves updating
the model in real-time as new data becomes available. Transfer
learning and lifelong learning approaches that enable agents to
learn continuously and incrementally can enhance their ability

to learn in real-time and adapt to changing environments.

In summary, there are many exciting challenges and opportunities
beyond this research thesis that can significantly impact lifelong
learning, machine learning, and artificial intelligence. By addressing
these challenges and collaborating across subfields, we can develop
more effective and robust models that can learn continuously and

adapt to changing environments.
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